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Abstract

It is often claimed that point-light displays provide sufficient information to easily recognize properties of the actor and action

being performed. We examined this claim by obtaining estimates of human efficiency in the categorization of movement. We began

by recording a database of three-dimensional human arm movements from 13 males and 13 females that contained multiple rep-

etitions of knocking, waving and lifting movements done both in an angry and a neutral style. Point-light displays of each individual

for all of the six different combinations were presented to participants who were asked to judge the gender of the model in Ex-

periment 1 and the affect in Experiment 2. To obtain estimates of efficiency, results of human performance were compared to the

output of automatic pattern classifiers based on artificial neural networks designed and trained to perform the same classification

task on the same movements. Efficiency was expressed as the squared ratio of human sensitivity ðd 0Þ to neural network sensitivity
ðd 0Þ. Average results for gender recognition showed a proportion correct of 0.51 and an efficiency of 0.27%. Results for affect
recognition showed a proportion correct of 0.71 and an efficiency of 32.5%. These results are discussed in the context of how

different cues inform the recognition of movement style.

� 2002 Published by Elsevier Science Ltd.

1. Introduction

The ability to perceptually organize point-light dis-
plays (Johansson, 1973) into the percept of a specific
human action has long served as a demonstration that
humans are adept at recognizing the actions of their
conspecifics. While much research has been directed at
gaining an understanding of the processes involved in
the perception of human movement, there has been little
work directed towards quantifying the general limits of
our abilities to recognize different styles of human
movement. This is surprising given that our ability to
recognize stylistic gender differences from point-light
walkers often appears as a cornerstone to support claims
of exquisite abilities in the recognition of biological
motion. In the present research we compare human
recognition of movement style to that of an automatic
pattern classifier in order to estimate how well humans

extract the available information from biological motion
displays.
There have been numerous investigations of the abil-

ity to recognize different styles of human movement from
human movement, including recognizing gender (Bar-
clay, Cutting, & Kozlowski, 1978; Kozlowski & Cutting,
1977; Troje, 2001), running versus walking (Hoenkamp,
1978; Todd, 1983), identity (Beardsworth &Buckner, 1981;
Cutting & Kozlowski, 1977; Hill & Pollick, 2000; Ste-
venage, Nixon, & Vince, 1999) and emotion (Dittrich,
Troscianko, Lea, & Morgan, 1996; Pollick, Paterson,
Bruderlin, & Sanford, 2001b; Walk & Homan, 1984)
from point-light displays, as well as style of tennis serve
from solid body animations (Pollick, Fidopiastis, &
Braden, 2001a). These studies have essentially used three
approaches to examine the basis of our ability to rec-
ognize different styles of movement. These have in-
cluded: (1) parametric manipulation of biomechanical
models to study how manipulating particular parame-
ters influence perception, (2) using recordings of natu-
ral movements to correlate movement kinematics with
movement recognition, and (3) creation of movement
spaces and examination of how interpolating and
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extrapolating between movements influence the recog-
nizability of movement style. In the following we first
review these three approaches and then discuss how they
relate to our proposal for measuring the efficiency of
movement recognition.

1.1. Biomechanical models

The study of how we recognize different styles of gait
has extensively used parametric biomechanical models.
By isolating the appropriate parameters of the model
and by systematically varying these parameters to gen-
erate synthetic movement one can study how recogni-
tion of gait covaries with the manipulated parameters
(Hoenkamp, 1978). Examples of such an approach in-
clude the influence of center of moment between the hips
and shoulders in the perception of gender (Cutting,
1978), the influence of lower leg angle on the perception
of running versus walking (Todd, 1983), and the influ-
ence of lateral body sway in the recognition of gender
(Mather & Murdoch, 1994).

1.2. Correlating movement recognition to movement
kinematics

Another way to explore the recognition of movement
style is by relating kinematic properties of measured
movements to the recognition of displays of these same
movements. Early examples of this approach are pro-
vided by description of how kinematic properties re-
late to the perception of lifted weight (Bingham, 1987;
Runeson & Frykholm, 1981) and are embodied in
the principle of kinematic specification of dynamics
(Runeson, 1994; Runeson & Frykholm, 1983). A more
recent example of this approach is provided by investi-
gation of the recognition of affect from arm movements
(Pollick et al., 2001b). The first step of this research
was to record three-dimensional (3D) arm movements of
actors performing drinking and knocking actions with
different affective states. These movements were subse-
quently shown as point-light displays to observers who
categorized the displays. From these judgments multi-
dimensional scaling (Kruskal & Wish, 1978) was used to
construct a two-dimensional (2D) psychological space of
the perceived movements and the dimensions of this
psychological space was correlated to measurements of
the movement kinematics. It was shown that one di-
mension of the psychological space was highly corre-
lated to the measured speed of the movement, the other
dimension appeared related to the phase relations
among the limb segments. This correlation between
movement speed and one dimension of the psychologi-
cal space was consistent with cognitive models of affect
that represent affect in a 2D space of activation and
valence (Russell, 1980; Yik, Russell, & Barrett, 1999).

1.3. Exaggerating movement style

The recognition of human movement style is an ex-
ample of recognition at the subordinate level where
recognition is achieved among movements that share the
same basic features and differ only in subtle aspects of
the movement. One can consider a hypothetical space of
movements, similar to the face space proposed in the
related domain of subordinate recognition of faces
which act as a representation of the movements (Val-
entine, 1991; for a review see Rhodes, 1996). It has been
shown that in this space of movements if one travels
from the point representing the grand average of all
movements in the direction of the point representing a
stylistic movement then interpolated points (move-
ments) along this line are less readily identified as the
particular movement style. However, if one continues to
move in the same direction and extrapolates past the
stylistic movement then one finds points (movements)
which are more readily identified as that particular
movement style. The effectiveness of these movement
exaggerations to enhance recognition has been shown
for both temporal (Hill & Pollick, 2000) and spatial
(Pollick et al., 2001a) exaggerations of movement. In
both cases the space of possible movements was defined
upon a database of 3D measurements of several joint
locations at a high sample rate. One possible interpre-
tation of the success of both spatial and temporal ex-
aggerations is that spatiotemporal interactions such as
velocity (which were not controlled for in the con-
struction of either spatial or temporal exaggerations) are
crucial for the recognition of movement style.

1.4. Comparison among techniques

Each of the approaches described above has its own
particular advantages and disadvantages. For example,
the biomechanical model approach is well suited for
cases where a well-developed model is available such as
gait. However, for arbitrary movements where it might
not be possible to find an appropriate model then this
approach is not practical. The correlation technique is
well suited for relating movement properties to percep-
tion. However, since movement kinematics are the
consequences of both motor planning and execution,
and many kinematic properties are correlated to one
another, the correlation of perception to kinematics
does not necessarily reveal the feature crucial for rec-
ognition. Finally, the exaggeration technique is well
suited to understanding the representation of move-
ment. However, since it constructs an arbitrarily defined
movement space and treats each movement as a point in
this space the relation between movement space and
physical properties of the movement is not necessarily
well defined. Thus there can be difficulty in providing a
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simple physical explanation of how the changes in
movement perception are coming about. The property
common to all the approaches is that they quantify how
some movement property (a parameter of a biome-
chanical model, a measured kinematic feature, or a
displacement in a constructed stimulus space) influences
the recognition of movement style.
The limitation of all the approaches is that none of

them indicate whether the effectiveness of the movement
property in modulating perception is due to large or
small variation in the amount of information available
with which to base the recognition judgement. In other
words, when recognition of movement style becomes
easy it is not known whether this is due to large amounts
of information becoming available, or great sensitivity
to the available information. In addition, for cases when
recognition is not possible, there is no guarantee that the
information is provided in the image but is not being
used. In the present research we attempt to address this
issue by using the concept of ideal observers (Barlow,
1978) to obtain estimates of the efficiency of style rec-
ognition.

1.5. Estimates of human efficiency in style recognition

As discussed above, previous research into recogni-
tion of style has indicated styles that can be recognized
and properties of movement that can be manipulated to
influence the recognition of movement style. However,
these studies have not addressed the issue of how effec-
tive we are at utilizing the information available in a
point-light display. This question can be addressed by
comparing human performance to that of an ideal ob-
server (Barlow, 1978; Liu, Knill, & Kersten, 1995), with
efficiency expressed as the squared ratio of human sen-
sitivity ðd 0Þ to that of the ideal observer. The ideal ob-
server is an optimal algorithm that uses all the relevant
information available in the stimulus and thus efficiency
provides a means of normalizing human performance to
a standard absolute level of performance. Efficiencies of
approximately 10% and above are generally thought to
indicate high levels of human performance. At the heart
of ideal observer analysis is the assumption that the
algorithm to which humans are compared is optimal. In
many cases it is possible to rigorously define a model in
which optimal performance can be defined in a strict
sense, however, for the case of recognizing human
movement this is not possible. The reason for this is that
human movements are tremendously complex and to
generally define the space of natural human movements
in precise analytic terms is not possible (cf. Bowden,
2000; Faraway, 2002; Sidenbladh, Black, & Sigal, 2002).
Probably the best alternative at present, which we adopt
in this current research, is to take a considerable sample
of natural movements, devise an optimal algorithm for

categorizing them, and use this as an approximation
which approaches optimal performance. Since efficiency
is measured as the ratio of human sensitivity to algo-
rithm sensitivity, this approximate solution would pro-
vide a useful upper bound on efficiency.
In the present set of experiments we examined human

recognition of gender and affect (angry or neutral) from
displays of point-light arm movements of knocking,
lifting and waving, and compared these human results to
those of automatic pattern classifiers based on artificial
neural networks. Arm movements were chosen since
they are more compact stimuli than whole-body motion
and have been shown to be able to carry visual infor-
mation such as identity and affect (Hill & Pollick, 2000;
Pollick et al., 2001b). While no evidence exists about
visually perceived gender differences from arm move-
ments there is evidence that, relative to body height,
males have a longer forearm (Geary, 1998). Thus it
would not appear unreasonable to conjecture that vi-
sually perceived differences might exist. Artificial neural
networks were chosen from a variety of other automatic
pattern classifiers such as self-organizing maps, decision
trees and various statistical techniques since they are
reliable and straightforward to implement. Neural net-
works have been used before in related applications of
human action recognition (Howell & Buxton, 1997;
Lakany & Hayes, 1997) and are generally regarded as
effective means to obtain pattern classifiers for complex
systems where it is difficult to obtain parametric repre-
sentations of the underlying processes. We consider arm
movements to fit this criterion since although a para-
metric model of arm biomechanics is certainly possible,
accurate modelling of the way these parameters natu-
rally vary across the population, across different affec-
tive states and across different neural control signals is
at present beyond our abilities.
To achieve our examination of the efficiency of rec-

ognizing gender and affect from arm movements we
began with the collection of a large 3D database of
movements. For each of six combinations of two affects
(neutral, angry) and three actions (knocking, lifting,
waving) we obtained 10 repetitions of a movement for
each of 26 actors (13 males, 13 females). This resulted in
a database of 1560 ð13� 2� 6� 10Þ movements. Of
these 1560 movements 1248 were used to train the
artificial neural networks on the categorization task that
human participants were asked to perform. A small
minority of 312 movements were excluded from use in
training the networks and instead were used both in the
testing of human and artificial neural network perfor-
mance. In Experiment 1 we examined human recogni-
tion of gender and compared it to artificial neural
networks trained to recognize gender. Similarly in
Experiment 2 we examined human recognition of affect
and compared it to artificial neural networks trained to
recognize affect.
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2. Methods

2.1. Collection and preprocessing of movement data

The movement data was obtained using a 3D position
measurement system (Optotrak, Northern Digital). Po-
sitions of the head, right shoulder, elbow, wrist, and the
first and fourth metacarpal joints were recorded at a rate
of 60 Hz while an actor performed a movement. These
arm movements were recorded from 13 males and 13
females that were instructed to perform knocking,
waving and lifting movements in both a neutral and an
angry style. For each of the six combinations of action
and affect 10 repetitions were recorded for every actor;
resulting in a database of 1560 movements.
For all arm movement recordings actors used their

right arm and started and ended the movement with
their arm to their right side. For knocking they struck
the surface directly in front of them approximately three
times. For waving they waved their hand for several
cycles as towards an individual facing them. For lifting
they raised a plastic bottle from its location on a desk
directly in front of them to a small elevated platform
located at the back of the desk.
Each 3D movement data record was processed to

obtain the start and end of the movement and the tan-
gential velocity of the wrist. The start of the movement
was defined as the instant the tangential velocity of the
wrist rose above a criterion value, and the end by the
instant after the velocity passed below the criterion. This
start/end velocity criterion was defined as 5% of the peak
tangential velocity of the wrist. In addition, short seg-
ments of missing data, resulting from a marker going
out of view of the cameras, were interpolated to remove
this artifact. Finally, to eliminate the structural cue to
gender that the males were on average taller than the
females, the size of all the stimuli were standardized.
This standardization was to set the distance from the
head to the first metacarpal joint, in the first frame of the
movement, identical for all the actors. This standard
height was the average height of all the actors.

2.2. Automatic recognition of human movement

In this section we provide only an overview of the
techniques used in the automatic recognition of human
movement, further details are provided in Appendix A.
Our procedure was to first randomly divide the entire set
of collected movements into a training set and a testing
set. The training set was used to train a neural network
to make classifications of the gender or affect of a
movement and the testing set was used to test both the
trained network and human participants. Estimates of
efficiency came from comparison of the sensitivity of
human observers to the sensitivity of the network.

There are two important considerations in the de-
velopment of the neural networks; these are the partic-
ular design of the neural network architecture and the
representation of the data input to the networks. Ad-
ditional factors which will influence the final perfor-
mance include the training procedure (gradient descent,
stochastic annealing, etc.) and the number of training
examples. Since it is impossible to know in advance ei-
ther the optimal architecture or representation for a
particular problem we examined several basic architec-
tures and several different data representations. The
multilayer perceptron (MLP) was ultimately chosen
because of its simplicity and its consistently high per-
formance in categorizing the movements. While it is
possible that better performance could be found by a
more sophisticated architecture, this result would still
serve as a bound on efficiency and we felt it beyond the
scope of the present work to emphasize network archi-
tecture. The representations we examined included the
3D position, 3D velocity, 2D position and 2D velocity
of the recorded point lights. To select the best repre-
sentation we trained a MLP network with each of the
input representations and selected the one with the best
average performance over all combinations of action
and affect. For the case of gender recognition the best
representation was 2D position and for affect the best
representation was 3D position.

2.3. Presentation of movements

The movements were presented as moving point-light
displays using orthographic projection. The knocking
and lifting movements were presented at a side view
while the waving movements were shown at a front
view. The point-light animations were displayed on a
Silicon Graphics, Octane computer with MXI graphics.
The frame rate achieved by the computer system was
approximately 30 Hz. Subjects were seated approxi-
mately 1 m away from the computer monitor and
viewed the display under binocular conditions. The
stimuli covered approximately 8� of the visual field.
Examples of the displays are presented in Fig. 1.

3. Experiment 1

In Experiment 1 we examined the ability of partici-
pants to judge the gender of point-light displays per-
forming movements at the six combinations of action
and affect.

3.1. Participants

A total of 20 participants volunteered to participate
in the study. All were na€ııve to the purpose of the study
and were paid for their participation.
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3.2. Design

The two variables of action and affect were explored.
There were three levels of the variable action (knocking,
waving and lifting) and two levels of the variable affect
(neutral and angry). Stimuli were blocked by the six
possible combinations of action and affect. In each block
participants viewed the two test trials for each of the 13
male and 13 female models, resulting in a total of 52
trials per block. The order of the six blocks was ran-
domized for each participant.

3.3. Procedure

Participants were instructed that they would see an
arm movement performing either a knocking, waving or
lifting movement and that at the completion of the
movement display they were to judge the gender of the
actor performing the movement. Several practice trials
were given at the beginning of the experiment to famil-
iarize participants with the procedure. Each movement
display was viewed on the computer monitor and at its
completion a graphical user interface would appear in
the corner of the screen where, by a mouse click, par-
ticipants could enter their response of the gender of the
actor. After responding the next trial would commence

and there was no feedback provided on whether a re-
sponse was correct. Each trial took a few seconds to
complete and thus an entire block of 52 trials was typ-
ically performed in less than 5 min, and the duration
of the entire experiment was less than 30 min.

3.4. Results

The average proportion correct for judgments of the
gender of point-light actors was 0.51 (standard error of
means, SEM––0.01). In addition to proportion correct
we examined sensitivity ðd 0Þ of the judgments. This was
accomplished by defining hits to be accurately judging a
male as male and false alarms to be misclassifying a
female as male. The resulting average value of d 0 ob-
tained was 0.05 (SEM 0.07). Further examination of
the results was provided by examining the sensitivity by
the six individual conditions. These results are shown in
Fig. 2A where it can be seen that performance differed
between the neutral and angry movements. The varia-
tion in d 0 between experimental conditions was exam-
ined through a within subjects analysis of variance
(ANOVA) using the factors of action (knock, lift, wave)
and affect (angry, neutral). Results of the ANOVA
showed a significant effect of affect, F ð1; 19Þ ¼ 12:3,
p <0:01 with no other significant effects or interactions.
Tukey�s post hoc comparison revealed a significant

Fig. 1. Frames from the knocking, lifting and waving movement se-

quences are shown at the start, end and two intermediate points (t1 and
t2) of the movement. For knocking a side view was presented, t1 cor-
responds to the fist hitting the surface while frame t2 corresponds to the
fist pulling back before striking the surface again. For lifting a side

view was also shown, t1 corresponds to the hand first coming into
contact with the object to be lifted and t2 shows the hand position as
the object is being placed at the back of the table. For waving a front

view was shown, t1 corresponds to the hand position at one maximum
of lateral displacement and t2 shows the other maximum.

Fig. 2. Results of Experiment 1 on the recognition of gender. Panel A

shows the recognition results expressed as d 0. Panel B shows the

comparison of human and neural network performance expressed as

efficiency. Results are shown for the two different cases of neutral (�)
and angry (j) movements.
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difference ðp < 0:01Þ between the angry ðd 0 ¼ 0:19Þ and
neutral ðd 0 ¼ �0:08Þ levels of d 0.
The neural network for gender recognition performed

best using the input representation of 2D position and
these results were used for comparison with human
performance. The average value of d 0 obtained by the
network for the six experimental conditions is plotted
in Fig. 2A and are similar to the human results for
the actions of lifting and waving in showing better per-
formance for angry movements. An ANOVA of re-
sulting d 0 values was conducted using the factors of
action (knock, lift, wave) and affect (angry, neutral).
Results of the ANOVA showed significant effects of
action, F ð2; 98Þ ¼ 53:9, p < 0:01, affect, F ð1; 49Þ ¼ 19:4,
p < 0:01 and their interaction F ð2; 98Þ ¼ 13:0, p < 0:01.
Results of Tukey�s post hoc analysis revealed that at a
0.05 significance level that all levels of action were dif-
ferent for neutral affects but that for angry affect knocks
were not different from lifts. In addition neutral move-
ments were different from angry ones for the lifts and
waves but not for knocks.
A final result to examine is the estimate of human

efficiency expressed as the ratio of d 0 squared between
human and neural network performance. This result
is shown in Fig. 2B where it can be seen that efficiency
was below 1% for all the experimental conditions. The
average value of efficiency obtained was 0.27%.

3.5. Discussion of Experiment 1

The overall percentage correct and d 0 indicate that
viewers could not reliably recognise the gender of the
actor, however, the neural network was able to perform
the discrimination with reasonably high accuracy. Thus,
it would appear that although the information to dis-
criminate gender is available in the displays it could not
be used by participants to provide reliable recognition.
The low level of performance achieved by the viewers is
consistent with some of the comments of participants
during debriefing that indicated that they found the task
extremely difficult. However, the significant difference
found between the neutral and angry movements, that
was also visible in the performance of the neural net-
work for lifting and waving, suggests that participants�
responses were not purely random. We examined the
relation between movement kinematics and participants�
patterns of responses for evidence of any heuristic that
could have explained human performance. To do this
we took the motion of the wrist marker and derived
kinematic landmarks such as the peak velocity, peak
acceleration, peak deceleration as well as global prop-
erties such as average velocity and duration. Next we
examined the correlation between these kinematic
characteristics and judged maleness as defined by the
proportion of times a particular actor was judged male.
The hypothesis being that participants were consistently

basing their judgments on some kinematic property of
the stimulus which did not reliably indicate gender.
These examinations were largely inconclusive, although
there was evidence that the male actors had a greater
chance of being judged male the faster they performed
the movement (R2 ¼ 0:59 between proportion of male
responses and average velocity, the equivalent R2 value
for females was 0.29).

4. Experiment 2

In Experiment 2 we examined the ability of partici-
pants to judge the affect of point-light displays per-
forming movements at the six combinations of action
and gender.

4.1. Participants

A total of 18 participants were run, all were na€ııve to
the purpose of the experiment and were paid for their
participation.

4.2. Design

The experiment was a 3ðactionÞ � 2ðgenderÞ within
subjects factorial design. The three levels of action used
were knocking, lifting and waving. The two levels of
gender were male and female.

4.3. Procedure

The procedure was identical to that of Experiment 1
except that participants judged whether a movement
exhibited a neutral or an angry affect.

4.4. Results

The average proportion correct for judging the affect
of point-light actors was 0.71 (standard error of means,
SEM––0.02). In addition to proportion correct we ex-
amined sensitivity ðd 0Þ of the judgments. This was ac-
complished by defining hits to be accurately judging an
angry movement as angry and false alarms to be mis-
classifying a neutral movement as angry. The resulting
average value of d 0 obtained was 1.43 (SEM 0.22).
Further examination of the results was provided by ex-
amining the sensitivity by the six individual conditions.
These results are shown in Fig. 3A where it can be seen
that performance appeared to differ among the different
conditions. The variation in d 0 between experimental
conditions was examined through a within subjects
ANOVA using the factors of action (knock, lift, wave)
and gender (male, female). Results of the ANOVA
showed a significant effect of gender, F ð1; 17Þ ¼ 9:7,
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p < 0:01 and a significant effect of action F ð2; 34Þ ¼ 15:0,
p < 0:01 but no significant interaction. Tukey�s post hoc
comparison on the effect of gender revealed a significant
difference ðp < 0:01Þ between the male ðd 0 ¼ 1:58Þ and
female ðd 0 ¼ 1:27Þ levels of d 0. Tukey�s post hoc com-
parison on the effect of action revealed a significant
difference ðp < 0:01Þ between lifting ðd 0 ¼ 2:05Þ and
knocking ðd 0 ¼ 1:25Þ as well as a significant difference
ðp < 0:001Þ between lifting and waving ðd 0 ¼ 0:98Þ.
The neural network for affect recognition performed

best using the input representation of 3D position and
these results were used for comparison with human
performance. The average value of d 0 obtained by the
network for the six experimental conditions is plotted
in Fig. 3A. An ANOVA examined the performance of
the neural network using the factors of action (knock,
lift, wave) and gender (male, female). Results of the
ANOVA showed significant effects of action, F ð2; 78Þ ¼
19:6, p < 0:01, gender, F ð1; 39Þ ¼ 13:3, p < 0:01 and
their interaction F ð2; 78Þ ¼ 38:9, p < 0:01. Results of
Tukey�s post hoc analysis revealed that at a 0.05 sig-
nificance level, all levels of action were different for
female movements but that for male movements knocks
were not different from waves. In addition male move-
ments were different from female ones for waves but not
for knocks or lifts.

A final result to examine is the estimate of human
efficiency expressed as the ratio of d 0 squared between
human and neural network performance. This result is
shown in Fig. 3B where it can be seen that efficiency
varied between around 10% and 90% for the various
conditions, and had an average of 32.5%. These values
are considerably greater than those obtained for gender
recognition.

4.5. Discussion

Results showed that both the human observers and
the neural networks obtained reliable performance at
discriminating affect from the point-light displays. In
addition it was found that the estimates of efficiency
were generally high suggesting either that observers were
using a large proportion of the available information or
that the neural network was very poor at performing the
task. If we assume that an optimal algorithm would
achieve near perfect performance then we can examine
the two possibilities. Near perfect performance could be
considered to be a hit rate of 99% and a false alarm rate
of 1%, resulting in a d 0 value of 4.65. The efficiency re-
sulting from this assumption of near perfect perfor-
mance would be 9.4%, thus it would appear that
participants were indeed using a substantial proportion
of the information available to them.

5. General discussion

Consistent with claims that humans are adept at
perceiving biological motion, the results of Experiment 2
showed high levels of efficiency in the recognition of
affect from arm movements. However, the results of
Experiment 1 told a different story. Here low efficiency
was found, with the neural network able to discriminate
gender while human participants performed at chance.
This result is unique in the domain of biological motion
research in demonstrating that a failure to recognize
biological motion was due to an inability to use the
available information.
Comparing across the two experiments reveals that

although the performance of the neural network
was approximately the same across both experiments,
human performance varied dramatically. Unfortunately
we do not know what features the neural network was
using to obtain this consistent performance, or indeed if
the same features were used by the neural network
across the experiments. However, we can conjecture
what information human observers might have used for
discriminating between neutral and angry affect. Evi-
dence from Pollick et al. (2001b) indicates that two
separate stimulus dimensions are used to encode af-
fect––one incorporating the speed of the movement and
the other likely incorporating the phase among the limb

Fig. 3. Results of Experiment 2 on the recognition of neutral and

angry affect. Panel A shows the recognition results expressed as d 0.

Panel B shows the comparison of human and neural network perfor-

mance expressed as efficiency. Results are shown for the two different

cases of male (j) and female (�) movements.
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segments. Neutral and angry movements fall along the
velocity dimension and thus velocity would have been
diagnostic for the recognition task. These results of
Pollick et al. (2001b) also indicated that the velocity/
activation dimension accounted for more of the vari-
ability of participants� responses than the dimension
apparently related to phase, or form of the movement.
Thus, it is possible that gender information was carried
in the form of the movement and human observers were
simply not adequately sensitive to it. That information
about gender is carried in form information is consistent
with previous claims about gender recognition from gait
(Cutting, 1978) and taken together with the current
results suggest that the encoding of gender in human
movement varies across actions and limb segments.
Previous results using ideal observers to explore

human recognition have indicated differences between
the input representations such as 2D or 3D position
representations (Liu et al., 1995; Tjan & Legge, 1998).
However, the current study found no consistent pattern
between input representation and recognition accuracy.
One possible explanation for this is that for human
movement position and velocity information is tightly
correlated. For example, Pollick and Sapiro (1997)
showed that the 1/3 power law relationship between
speed and shape (radius of curvature) in planar move-
ment production implies motion at constant affine
velocity––a property that would facilitate recognition
of the shape from arbitrary viewing directions.
One potential issue with the current ideal observer

approach is that it deals with the problem of style rec-
ognition in a bottom up fashion. Numerous researchers
have provided evidence to support the view that recog-
nition of human movement relies on recruiting higher
level cognitive processes in the interpretation of the
motion signal (Dittrich, 1991; Shiffrar & Freyd, 1993;
Thornton, Pinto, & Shiffrar, 1998). An additional issue
is that one can model human movement recognition to
be the result of converging form and motion informa-
tion rather than from a single source of position or ve-
locity information as done in the present research
(Giese, 2001). We would not debate the computational
advantages of these approaches. However, our primary
concern was to compare human performance to a
standard model, and since these more sophisticated
models have no advantage in providing a more rigorous
definition of optimality we did not think the increased
detail of a more sophisticated model would have facili-
tated this comparison. What the current results do
provide is a clear comparison of human performance
against a single representation of the input information,
thus allowing various recognition tasks to be compared
to a standard.
The current results do allow us to compare human

performance to a standard, however, there are impor-
tant shortcomings to use this quantity for the calcula-

tion of efficiency. The use of artificial neural networks
carries with it several heuristically determined compo-
nents including the network architecture, input repre-
sentation and training paradigm. Although efforts were
made to maximize performance of the neural networks
there is no guarantee that optimal performance was
obtained. Indeed, given the complexity of the stimulus
and the largely unknown nature of how it is represented
in human perception and cognition it is difficult to
propose an alternative that could guarantee the optimal
performance required to define a true ideal observer.
Without an ideal observer we must consider the effi-
ciencies obtained as an upper bound on efficiency. In
this sense obtaining low efficiency where the neural
network was able to discriminate the input while hu-
mans were not is more significant than cases of high
efficiency. This is because high efficiency can always be
accounted for by the possibility of greatly suboptimal
performance of the neural network, while low efficiency
indicates that human participants failed to exploit a
regularity in the movement data that allowed discrimi-
nation.
The present results can be compared to investigations

of the recognition of identity from gait. Psychophysical
studies have revealed that subsequent to training, indi-
viduals could recognize identity from gait even when
displays were presented as impoverished point-light
displays (Stevenage et al., 1999). These studies of human
performance can be compared to computational ap-
proaches to the recognition of identity from gait
(Huang, Harris, & Nixon, 1998; Little & Boyd, 1998). The
work of Huang et al. (1998) showed that both spatial
and flow templates could be used to identify identity
from video sequences of gait. These templates were
constructed by eigenspace and canonical space trans-
formations upon the input image data as a means of
data reduction in obtaining a compact representation of
gait. The work of Little and Boyd (1998) found mo-
ments of the video input image data and identified phase
relations among the motion of these moments that were
suitable features to indicate identity. While no direct
comparisons of human and machine performance for
the recognition of identity from gait have been per-
formed, the current results suggest that psychophysical
and computational results are consistent in indicating
the ability to recognize identity from gait. Moreover, the
computational studies indicate a variety of features
which are sufficient for recognizing identity from gait.
The current experiments were successful in showing

that recognition of biological motion varies between
tasks and that a failure to recognize movement style
could not be accounted for by the lack of available in-
formation to perform the task. What this highlights is
that subordinate class recognition of human movement
likely relies on particular forms of information being
available. Biological motion research has focused on
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describing basic level recognition (i.e. whether a display
is human motion or not) and has provided examples of
subordinate level classification to bolster claims of high
levels of competence in perceiving human movement.
However, a clear view of subordinate level recognition
of human movement style is not fully developed. The
development of an understanding of subordinate level
recognition of human movement style is essential to
understanding the mechanisms behind the perception
and recognition of human movement. For example,
current findings in neuropsychology indicate that a par-
ticular brain region in the STS is activated when human
movement is observed (Grezes et al., 2001; Grossman
et al., 2000; Stevens, Fonlupt, Shiffrar, & Decety, 2000).
Whether this brain region should be interpreted as
simply a locus for biological motion detection, or a
region involved in more sophisticated processes of re-
cognizing subordinate styles of movements will be fa-
cilitated by a clear behavioural understanding of human
abilities at movement style recognition.
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Appendix A. The neural network classifier

The MLP is commonly used in many fields of pattern
recognition due to the power and stability of its learning
algorithms (Lippman, 1987). Common among these is
the backpropagation algorithm based on the delta
learning rule (Haykin, 1999; Werbos, 1994, Chap. 11).
The power of the backpropagation algorithm lies in two
main points: it takes place locally to update the synaptic
weights and biases of MLP, and it is easy to compute all
the partial derivatives of the cost function with respect
to free parameters of network (Beale, 1996). We used a
MLP with one hidden layer, given by an input vector X,
hidden neuron Z and output neuron Y and activated
by following equations:

Z ¼ f ½Netðw1X Þ	; Y ¼ f ½Netðw2ZÞ	

where w1 and w2 are the weights between first and sec-
ond, and second and third layers. Netð
Þ is the weighted
sum of nodes connected from the prior layer and f ½
	 is
a sigmoid activation function. The errors on the out-
put and hidden layers are expressed as:

d2 ¼ ðd � Y Þf 0½Netðw2ZÞ	;

d1 ¼
X

d2w2
� �

f 0½Netðw1X Þ	

where d is the desired output. The weights are updated
by:

w2ðt þ 1Þ ¼ w2ðtÞ þ ad2Z; w1ðt þ 1Þ ¼ w1ðtÞ þ ad1X

where a is a learning constant.
The final values of the weights were obtained using

gradient descent until the network reached a recognition
rate of 98% on the training data. The dimensions of the
input vector X depended upon the representation being
examined and ranged from 900 to 2700. There were 50
hidden nodes and two output nodes. Learning rates and
momentum were chosen experimentally for each net-
work to find the values that provided best performance.
The four input representations examined were 2D

position, 2D velocity, 3D position and 3D velocity. Each
of these representations incorporated all six of the
points measured on the body. The 2D representation
was based on the two coordinates of the movement that
were derived from the image information shown to
human participants and the 3D representation used all
three recorded coordinate data. For velocity we used the
magnitude of the tangential velocity in the image plane
(2D) or in 3D. This resulted in an input size of 900 for
2D or 3D velocity ð6� 150Þ, 1800 for 2D position
ð6� 2� 150Þ and 2700 for 3D position ð6� 3� 150Þ.
All movements were normalized in time to have a con-
stant time of 150 time steps from start to finish. The
amplitude of each input vector was also normalized so
that all vectors varied between the maximum and min-
imum range of values accepted by the neural network.
For both gender and affect recognition, the MLP was

trained with 1248 training samples and then tested on
312 test samples. To obtain a stable estimate of the
performance of the network training and testing was
conducted 40 times for each condition with the network
beginning at a randomly selected seed value. To find
performance of the algorithm, average sensitivity d 0 was
calculated for each individual condition. These d 0 results
for gender recognition are provided in Fig. 4 and cor-
respond to average values of 3.1, 2.7, 2.5 and 2.5 for 2D
position, 3D position, 2D velocity and 3D velocity re-
spectively. The d 0 results for affect recognition are pro-
vided in Fig. 5 and correspond to average values 2.3, 2.7,
2.4 and 2.3 for 2D position, 3D position, 2D velocity
and 3D velocity respectively. Subsequent comparison to
human performance for gender were obtained using
the values of the MLP network with a 2D position
representation; and for affect were obtained using the
values of the MLP network with a 3D position repre-
sentation.
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