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Abstract—People name well-known objects shown in pictures

that object priming can be explained instead as a bias in information The Poggio and Edelman (1990) model we chose, one of a fa

processing, without recourse to an implicit memory system. Ass
tions about psychological decision-making processes and bias

added to a neural network model for object identification, and

model accounted for performance both qualitatively and quant
tively in four object identification experiments.

In a priming experiment with pictured objects, subjects are as
to name the objects and then, as much as a week later, name
again. Repeated objects are named faster than new objects, eV

amnesics who cannot consciously recollect them (Cave & Squi

1992; Mitchell & Brown, 1988; Park & Gabrieli, 1995; Warren

Morton, 1982). These results have been used to support the notio
priming is mediated by an implicit memory system separate from
system that mediates explicit recall (e.g., Schacter & Tulving, 19

Squire, Knowlton, & Musen, 1993). In this article, we propose insteal

that the effects of prior encounters come about because of bias
information processing (McKoon & Ratcliff, 1996; Ratcliff & Mc
Koon, 1995, 1996, 1997). Perceptual information is more likely to
interpreted as supporting the identification of objects previously
countered than objects not previously encountered. To model bia
added psychological mechanisms to an information processing nj
of object identification (Poggio & Edelman, 1990). In adding bias

oeession (a benefit), but they were slowed if the similar object had

napevolving models (Edelman, 1995, 1998; Edelman & Poggio, 1992;
Ve&&elman & Weinshall, 1991; O'Toole & Edelman, 1998; Poggio| &
hgirosi, 1989, 1990), is a connectionist network that learns to identify
t@&bjects from their visual features. For each view that is presented to
it of an object it is to learn, the model stores a two-dimensional (21D),
orientation-specific representation of the object. These multiple fep-
K entations are connected to a single “object” node for the object. By
Interpolation among the learned orientations, the model can correctly
th&}m . NSO . :
Al %ntlfy the object in orientations that were not taught during learning.
i he Poggio and Edelman (1990) model exemplifies one side [of a
&c?ébate about whether multiple 2-D, orientation-specific represgnta-
H?qs are necessary for object identification or whether a single
n thal o : ; - .
tOélentatlon-lndependent representation alone is sufficient (Biedefman
9 ~Gerhardstein, 1995; Tarr & Bthoff, 1995). Our aim was not t
| contribute to this debate in any direct way, but instead to examing an
[ im licit effect (bias that results from prior encounters) and explain it
| Using an object identification model in such a way as to make testable
redictions about naming response times and accuracy rates. The data
g gresp y
e%(_)Ilected in the experiments described here provided constraints on
a glication of the Poggio and Edelman model, but they are data|that
b, . . .
o%%'l”d potentially also be well described by a 3-D representation

model. The choice of the Poggio and Edelman model as the model to

D
(%

such a model, we emphasize that the effect of prior encounters can Be

understood simply as a by-product of ordinary object perception ang

—
(o)®)

married with psychological processing mechanisms was deter-
mined by the practical requirement of the availability of a full and
- explicit description of the model. The implementation of the Poggio

identification processes (Morton, 1970); it need not be embodied|in'a

separate memory system.
Repetition “priming” suggests a facilitatory effect, but a prior
counter with a target object actually leads to costs as well as ben

Although a prior encounter with a target object improves a subject’s
ability to name it, a prior encounter with an object that is visudll

similar to the target but has a different name hurts ability to nam
target (Fig. 1), as we showed in a previous experiment (Ratcli
McKoon, 1996). In the first session of that experiment, subjects
asked to name objects, and then, a week later, they were ask

name objects again. In one condition, the target objects in the second

session had been presented in the first session (Session 1: name
Session 2: name turtle). In another condition, objects visually si
to but not the same as the target objects had been presented in t

session (Session 1: name igloo; Session 2: name turtle). In the baseline

condition, neither the targets nor the objects similar to them had
presented in the first session. At test, naming times for a target
speeded relative to baseline if the target had been presented in th
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and Edelman model is designed to serve as an example of what kinds
of mechanisms are needed to quantitatively model bias and its asso-
1‘ctiéa_ted performance measures.
.. The four experiments used standard views of line drawings of

common objects (Fig. 1). From previous research, we expected that a
rior encounter with a target object would lead to facilitation, and that
e amount of facilitation would not be significantly affected by

whether the orientation of the target object was the same or diffgrent

eéﬁothe second presentation as on the first (e.g., Biederman & Ger-
ardstein, 1993; Srinivas, 1993). However, previous research has not

tuer>,a%r,nined whether the costs incurred from prior study of a si
.object with a different name are affected by orientation, so Experi-
ilar . :
e'}}F'@tS 1 and 2 addressed this question.

.1n word identification, one of the key findings that motivated a bjas
e%cncount of the effects of prior encounters (Ratcliff & McKoon, 1997)
was that bias is observed in a forced-choice paradigm only when the

d? ed-choice alternatives are similar to each other, not when they are

{ssiimilar (Ratcliff, McKoon, & Verwoerd, 1989). For example, |if
diedis a target word (flashed briefly, then masked), diet andlied
logye the choices, then there is a benefit from prior studgied and a
cost from prior study ofied. But if diedis the target word, andied

Copyright © 2000 American Psychological Society 13
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igloo are similar to each other but dissimilar from the crutch.

andsofaare the choices, then there is no benefit from prior study
died and no cost from prior study afofa

The finding of bias with similar but not dissimilar alternatives h
two important consequences for modeling. One is obvious—that 3
larity must play a role in processing. The second is that a prior
counter with a stimulus cannot affect some property of
representation in memory of the stimulus itself. A prior encour]
cannot, for example, increase the resting level of activation for a w

that facilitates later processing of the word. If this were the case,
bias would be observed in all contexts; it would be observed v
dissimilar as well as similar alternatives in forced choice. Instea
prior encounter with a stimulus must affect processing without aff
ing the representation of the stimulus itself (Ratcliff & McKoo
1997).

Experiments 3 and 4 were designed to examine bias in fo
choice with objects with similar versus dissimilar alternatives in or
to determine how bias should be handled in an object identifica
model—as an effect on some property of the representation o
object or as a bias of processing mechanisms.

We begin with the experiments, then describe our implementa
of the Poggio and Edelman (1990) model, and then show how a
assumptions that account for bias and the speed and variabili
subjects’ performance give a good account of the data.

EXPERIMENTS 1 AND 2

These experiments looked for costs and benefits due to a
encounter. In Experiment 1, there were two blocks of trials, the sec
block immediately following the first. A target object in the seco

Fig. 1. Examples of stimuli used in the experiments. The turtle arfgecond block, the objects were masked, and the dependent me

or lead to the creation of a new representation of a word in memdipright or rotated 135° from upright.

the first block, in either upright or rotated orientation, or was similar

to an object that had been presented in the first block, in either upfight
or rotated orientation. The task for both blocks was to name|the
objects as quickly as possible, and the dependent measure was re-
sponse time. In Experiment 2, there were also two blocks of trials| but
they were 1 week apart. The same variables were manipulated fas in
Experiment 1: Either a target object itself or a similar object (in either
upright or rotated orientation) was presented in the first block. In|the
asure

was accuracy.

of Method

as Thirty Northwestern University undergraduates participated in
imeriment 1, and 18 in Experiment 2. There were 40 pairs of obje
ewith the members of a pair similar to each other, plus 30 objects
hier fillers in the study and test lists. The objects were drawn black
tayhite and varied in width and height from 2 cm to 6 cm. They w
ofisplayed on a PC-VGA gray-scale monitor with the objects eit

EX-
cts,
sed
on

Bre

her

hen!n the second block, the target objects from the 40 pairs W
vigdways tested in their upright orientation. Either the target itself o
d similar pair-mate, in upright or rotated orientation, or neither ¥
h@ppeared in the first block (see Table 1). Targets were counte
nanced across the five conditions. In the first block, 15 fillers w
presented in upright orientation and 15 rotated, and in the se
cblock, all fillers were presented in rotated orientation.
der In both blocks of Experiment 1 and the first block of Experime
tign €ach object was preceded by a fixation point displayed for 500
f apd then the object was displayed until it was named aloud. Sub
were instructed to name the objects as quickly as possible. In
tisgcond block of Experiment 2, the sequence for each trial wa
idetlows: the fixation point for 500 ms, the test object for 67 ms, g
ytidgn a mask (random shapes and lines) for 200 ms. Subjects
instructed to do their best to name the flashed objects. For both
periments, subjects were instructed to say “no” whenever they c
not name a displayed object. Order of presentation of all items
random.

ere
ts
ad
rbal-
ere
cond

nt
ms,
ects
the
S as
nd
were
ex-
puld
was

Drior
ond Results

nd For both experiments (Table 1), there was a bias effeqg

block (always presented in upright orientation) was itself presentd

dfacilitation relative to baseline when the target object had been [pre-

Table 1. Results from Experiments 1 and 2

Ex

periment 1 Experiment 2

Condition for Naming latency

Response probability Response probability

first block (ms) Target Pair-mate Target Pair-mate
Study target 843 (828) .93 .01 77 (.76) .06 (.03
Study rotated target 863 (850) .92 .02 .75 (.75) .06 (.03)
Study similar pair-mate 1,074 (1,085) .90 .03 .53 (.50) 17 (119)
Study rotated similar pair-mate 1,055 (1,066) .89 .07 .54 (.52) .16 (.1]7)
No study 998 (1,015) .94 .05 .56 (.57) .07 (.06)

Note. The numbers in parentheses are the best fit of the neural network model.

14
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sented in the first session and inhibition when the target's sinj
pair-mate had been presented, with little effect of orientation (a
Biederman & Gerhardstein, 1993; Srinivas, 1993). Analysis of v
ance on the four nonbaseline conditions showed a significant effe|
which was presented in the first block, the target or its pair-m
Experiment 1,F(1, 29) = 50.0; Experiment 2F(1, 17) = 41.9
< .05 throughout this article). There was no significant effect of
entation or significant interactior§ < 1.0). The standard errors of th
means were 28 ms and .04, respectively.

The conclusion to be drawn is clear: Just as previous researc
shown that the benefit to object naming given by a prior encou
with a target object is not significantly affected by changes in ori
tation, Experiments 1 and 2 have shown that the cost of a
encounter with a similar object is likewise not significantly affect
by orientation: Therefore, we implemented bias in the Poggio 4
Edelman (1990) model at a stage of processing at which an obje
represented as an object, not as a particular orientation of the objg
as particular individual features of the object.

EXPERIMENTS 3 AND 4

Experiment 3 investigated whether bias appears in a forced-ch
paradigm with both similar and dissimilar alternatives. Target objg
were flashed briefly, then masked, and subjects were asked to d
which of two choices matched the target object. The similar-ver
dissimilar variable was manipulated between subjects (to maxi
power), and, so that accuracy rates would be in about the same
for the two groups of subjects, longer flash times were used for|
subjects tested with similar objects. Experiment 4 compared thesg
conditions directly with flash time held constant in a within-subje
design.

Method

Ninety Northwestern undergraduates participated in Experime
and 23 in Experiment 4, each for one session. Thirty triples of obj
were used in Experiment 3 and 36 in Experiment 4. Each triple ¢

ilar

5 in Table 2. Results from Experiment 3

ari-

ct of Probability correct

ate: T .

Similar Dissimilar

ri- Study condition alternatives alternatives

e Study target 73(.72) 72 (.72)
Study alternative .60 (.60) 71 (.72)

hhas | Study neither .66 (.66) 73(.72)

nter

en- Note.The numbers in parentheses are the best fit of the

- neural network model.

rior

ed

nd

Chifernatives were always similar, and for the other 45, they w
2Ch¥ays dissimilar. Triples of objects were counterbalanced acros
three study conditions. The sequence of events for test items w.
follows: a fixation point for 500 ms, the target flashed briefly, a ma
for 200 ms, and the two alternatives displayed side by side until
subject’s response. The flash time was set individually for each
ojeet, in a calibration phase of the experiment that preceded the g
sdist, so that performance would be neither at chance nor at ceiling.
cdftRelian flash time was 38 ms for subjects in the dissimilar condi
suand 52 ms for subjects in the similar condition. Subjects pressec
niZ& key on the computer keyboard to indicate that the left-hand
atgggative matched the flashed target and the “/” key to indicate tha
thght-hand alternative matched. Order of presentation of all items
kgodom.
cts To maximize power in Experiment 4, we included no study pha
only a test phase. The 36 objects were counterbalanced across th
test conditions (within subjects, Table 3). The procedure for the
phase was the same as for Experiment 3 except that flash time
target was constant at either 42 ms or 54 ms.

Nt 3,

BClS Results
on-

sisted of two similar objects and one dissimilar object, always pre- For Experiment 3, the data (Table 2) show significant costs

sented in upright orientation.

In the study phase, objects were displayed one at a time for
each. Subjects were instructed to learn them for a later (unspec
memory test. The test phase immediately followed the study ph
For Experiment 3, with similar forced-choice alternatives, either
target itself, its similar triple-mate, or neither was studied. With d
similar forced-choice alternatives, either the target itself, its dissim
triple-mate, or neither was studied (Table 2). For 45 subjects,

1. In the first session of Experiment 1, subjects named objects e
upright or rotated 135° from upright. We divided the data into objects that

benefits with similar forced-choice alternatives but not with dissim
|.8lternatives (a significant interactioR[2, 180] = 3.6; other effects,
fiéd) < 1.0). The standard error of the means was .02.
ase.Although in Experiment 3 the flash times were different for t
trggmilar and dissimilar conditions, flash times were constant in Exp
ignent 4, and in that experiment, performance was better with diss
illgr than similar alternatives, as expected.

typically seen in only the upright orientation (e.g., igloo) and objects that
seen in a variety of orientations (e.g., crutch). For objects of the former
responses to upright presentations (response #mg062 ms) were 135 m

faster than responses to rotated presentations. For objects of the latter kind, this

difference was only 22 ms (upright response timel,042 ms). Models with

2-D representations could account for this result (by assuming that the object
normally viewed in only one orientation has fewer stored views), but mogdels
with only 3-D representations would require additional assumptions (&.g.,
viewpoint-dependent processes as opposed to representations; Biederman &

Gerhardstein, 1995).

VOL. 11, NO. 1, JANUARY 2000

the
" Table 3. Results from Experiment 4
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are Probability correct

are

ind, Similar Dissimilar
Target flash time alternatives alternatives
42 ms .55 (.57) .71 (.68)
54 ms .57 (.60) .78 (.75)
Note. The numbers in parentheses are the best fit of the
neural network model.
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NEURAL NETWORK MODEL

To successfully model the data of Experiments 1 through
model should be able to (a) correctly identify objects and in addi
correctly identify them no matter what their orientation; (b) exhi
bias as a result of prior encounters, with the amount of bias inde
dent of orientation differences between first and second encounte|
exhibit bias in forced choice with similar but not dissimilar obje
and (d) show human performance characteristics as reflected i
curacy rates, response latencies, and variability across trials. P
and Edelman’s (1990) model provides the first requirement
model can identify the objects it has learned, and it can identify t
in orientations that were not presented to it during learning. We ag
to the model a mechanism to give appropriate bias effects. To acq
for response latencies, we added assumptions about how proce
progresses over time, and to account for variability in response |3
cies and accuracy rates, we added noise into the system.

Objects in the Poggio and Edelman (1990) model are represe
as “feature points,” one point for each of an object’s vertices,
crossings, and highly curved line segments. For our simulations
used five feature points per object. The feature coordinates o
object are input to the system (tkgy coordinates of its feature point
are scaled to the object’s center of mass and always in the same
Bennett, Hoffman, & Prakash, 1993; Poggio & Edelman, 1990).
added within-trial variability by having the coordinates of the feat
points fluctuate moment to moment by small random amounts.
also added across-trial variability by having the coordinates of
feature points vary across trials (Ratcliff, 1978; Ratcliff & Roud
1998) in order to model differences in perception of a stimulus ac
trials and to model inaccurate extraction of stimulus information
short stimulus durations (Ratcliff & Rouder, in press).

Activation flows from the input nodes to object “modules,” o
module for each object the model knows (Fig. 2). At the view lay

“storing” one particular orientation of the object. Activation) @t a
view nodei is a function of the difference between the vector
,c@ordinate values at the input layd?)(and the vector of coordinat
iaralues to which view nodemaximally responds@;):
it
en-
; (©)
S,
ac-
ggiol he maximum activation of a view node occurs when the diff
tigice is smallest, that is, when the orientation of the input ob
dmatches the view node’s designated orientatign(sket to 0.0002 in
dedr simulations) is a tuning coefficient that determines how m
oagtivation decreases as a function of the difference.
ssindctivation flows from the view nodes to the object layer nog
téhrough weighted connectiong;. The nodes at the object layer re
resent thex, y coordinates of the object in its canonical (for o
npedposes, upright) orientation. The activation value for each ok
inayer node is the sum of the weighted activations from the view no
ge= 3, v; r.. The weights are set so that if the input object matc
f amy one of the stored views of the object, then the activation valu
sthe object layer nodes will be the y coordinates of the object in it
prdpright orientation. In other words, a module gives approximate
Méntation invariance; it serves to translate an object from its in
urerientation to a standard (upright) orientation. If the orientation of
Vifeput object does not exactly match one of the stored orientations,
tiiee coordinate values at the object layer nodes are somewhat dist
erOf course, the coordinate values are also distorted because @
osariability introduced at the input layer percolating through the g
faem.)
To map the model’s output onto human performance, we adde

neoutput node and a decision node to each module. The amou
eactivation at the output node at tinterepresents the similarity be

r, = exp(-klP - QIP).

j

each node corresponds to one view (one orientation) of an oh

jeeteen the coordinate values at the object layer nodes, the \@ctor|

Input
Layer

View
Layer

Object
Layer

Output
Node

Decision
Node

Noise At Feature Points For ? Input

Time

Distance

Activation at Output Node
=

Ul

Time
at Decision Node

s

Time

[
o

Activati

o
[9)

Activation8  Activatio

16

Fig. 2. A Poggio-Edelman module that recognizes question marks. The left side depicts the nodes of the module, the center gives a|
of what the nodes represent, and the right side shows input and activation values over time.
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(S1,5- - -), and the coordinate values for the canonical orientation
vectorQ,, calculated by Shepard’s (1987) similarity metric, with t
scaling parameter k (set to 0.1 in our simulations):

a; = exp(-=k|5 - QlI);

this gives activation values greater than O for object

Because of variability in thg, y coordinates at the input level, th
value of g fluctuates moment to moment. The decision node for|
object module sums, over time, the objea_s/alues, weighted by thg
amount of biasw, toward the object, relative to the values for all
the other objects in the system (Luce’s, 1959, choice rule); the am|
of activation at the decision node at tirhés

bo(t) = 2 [Weac(7)/Z Weay(T)]-

The stopping rule is that the model makes an identification d
sion when the amount of activation in the decision node with
largest amount of activation exceeds the amount of activation in
decision node with the next largest amount of activation by sa
criterial amount (e.g., Audley & Pike, 1965; Ratcliff & McKoorj
1997).

The amount of biasv, for an object reflects some learned like
hood of the system seeing objectelative to all other objects. Wg¢
assumed that the effect of a prior encounter with an object in
experiment was to increase the bias toward that object. The effe|
increasingw, is to increase activation at the decision node for obj
¢ (b) and decrease activation at the decision nodes for all o
objects.

The model predicts greater bias effects for forced choice
similar choices than for forced choice with dissimilar choices. Thi
because changes in weightg) have a large effect when the amou
of activation p,) is in the middle of the activation range (e.g., .5) i
a very small effect when the amount of activation is very small or v
large. For example, a change of 10% is .05 when activation is .5
only .001 when activation is .01 or .99. When the choices are sim
if activation () is in the middle of the range for one of the simil
choices, it is likely to be in the middle of the range for the other. |
when the alternatives are dissimilar, if one is in the middle of
range, the other is usually small or large.

Figure 3 illustrates the decision process. Fluctuation of the ir
values over time makes the amounts of activation at the output n
fluctuate, which makes decision time variable. The shape of the
tribution of decision times is in part determined by the use of
relative stopping rule (Ratcliff & McKoon, 1997), and the distributi
is right skewed, corresponding to empirically observed response
distributions. The fluctuations in activation values also lead to er
because the amount of activation in some other object’s decision
can sometimes be greater than the amount in the input object’s
sion node.

FITTING THE MODEL TO DATA

The simulations used 21 objects. A target object was constru

3

Noise At Feature Points For ? Input

m W}’z M3Y3W4 X5Ys

Time

Distance

[©)

Q)

Output Node Activation

? 2 X

ot A

Time

unt

Activation

U
4

f Decision Node Activation

L

he
ne

P=3

Aoy

h

Activation

an
ct of

ect
tHfgg. 3. Input and activation values over time for a question mark
an input object and three modules, a question mark, the number 2
Vifth en_velope. The dashed lines show the effects of prior study o
: %uestlon mark.

as
, and
f the

nt

Utadial distance from a point to the center of the object being 28 pix
EXn object “most similar” to the target was constructed by mov
| 'edch of the points 4.0 pixels in a random direction. Six “highly si
il objects were constructed by moving the points 4.2 pixels, an
:[gimilar" objects were constructed by moving the points 12 pixegls.
fhg

PHie
o

nted the model as already having learned the weights between the
V nodes and the object layes;) that allowed it to correctly iden

dfﬁy all 21 objects. Without any variability in the input feature points,
fe output-node activation for the target object was .9999 if it
)_r{ested in an orientation that had been learned and .990 if it was tested
UM€an unlearned orientation. The output-node activation for the most

N9HE output-node activation for the dissimilar object was less than .pO1.
HecCi-activation in the model was updated in discrete cycles

within-trial variability added to the pixel locations at each cycle.
forced choice, activation was accumulated only by the decision npdes
for the two alternative choices (Ratcliff & McKoon, 1997). The nu
ber of cycles to reach criterion-determined response time (RT) i

cted

h

RT = mN+ T,

by randomly sampling five points in they plane, with the average
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wherem is time per cycle (set at 13 ms) afig, is the time taken by
nondecisional processes like stimulus encoding and response execu-
tion (set at 380 ms). The final parameter was the effect on hiaof
a prior encounter: If an object was upright for both encounteys,
increased from 1.00 to 1.040; if the orientations were differant,
increased from 1.00 to 1.035.

Once the number of objects, their similarities, and the scali
parameters (k k) are set, the model has six free parameters. T
model was fit to the data from all conditions and experiments simt
taneously withT,,, time per cyclem, within-trial variability, and bias
w, fixed, and between-trial variability in pixel location and the 1
sponse criterion allowed to vary across conditions and experim
(see Table 4). The best fits of the model to the data are show
Tables 1, 2, and 3. For Experiment 1, the model also does a reasonable

job of predicting the shapes of the naming latency distributions (Fig. : ' ' ' ‘ ‘
4). 600 800 1000 1200 1400 1600

1.0

0.8
1

==
D «Q

Probability

0.4

[)

nts &
in

> @

0.0

>

It should be emphasized that the parameters of the model are [not Response Time (ms)
free parameters as, say, in a multiple regression model; rather, ‘the
parameters are all part of an integrated framework, so that change'giin

any one parameter result in changes to all the predictions of the mp 9 X . i .
Thus, there is considerably less model freedom than might at [fi Eonstructed by averaging over subjects; Ratcliff, 1979). The lef

object similar to target.

GENERAL DISCUSSION
evidence for a previously encountered object adds to its activatior
The model successfully explains performance in three object idlgakes away from the activations of similar objects that were not
tification tasks, quantitatively accounting for naming latencies andously encountered. This is essentially the same explanation of
their distributions, accuracy rates, and probability correct in forgdtat is given by the counter model for word identification (Ratcliff
choice. The model predicts both costs and benefits from prior encpiieKoon, 1997).
ters, and it predicts that they will be observed in forced choice with The model we used (based on Poggio & Edelman, 1990)
similar but not dissimilar alternatives. Although object identificatiptonnectionist network. Connectionist models are often designe
has been labeled an “implicit memory task” (Schacter, 1994; Schadtemndle perceptual learning, and so it might have been expecteg
& Tulving, 1994; Squire, 1994), the model accounts for performapdbis particular model would do well, but a successful outcome was
without recourse to a separate memory system to hold representatiguaranteed. For one thing, no previous model has been applig
of prior encounters with stimuli. Instead, bias from prior encounters isake quantitative predictions about bias, response time, and acc
explained in terms of the information processing mechanisms that émeobject identification. For another, implementing mechanisms
used for object identification. Bias comes about because of gxfreedict response time and accuracy in connectionist models is
weight given to perceptual evidence for an object previously encousible, but not straightforward (Ratcliff, Van Zandt, & McKoon, 1994
tered in the experiment. Because an object’s activation is calculatedIt might, of course, be the case that a model that allows only a
relative to the activations of all other objects, giving extra weight ttepresentation for an object (e.g., Hummel & Biederman, 1992),

Table 4. Target duration and parameter values used in fitting the model

Experiment 4: Experiment 4:

Experiment 3: Experiment 3: Forced choice, Forced choice,
Target duration Forced choice, Forced choice, similar and similar and
and parameter  Experiment 1: Experiment 2: similar dissimilar dissimilar dissimilar
values Naming Naming alternatives alternatives alternatives alternatives

Target duration

(ms) Until response 67 52 38 42 54
Between-trial

variability® 14 2.9 9.8 335 32.3 27.0
Decision

criterion 0.5 0.5 5.0 5.0 5.0 5.0

“Standard deviation in a two-dimensional uniform distribution of the number of pixels away from the feature point.

the data points, and the lines are the best fit from the model. [T
appear. target; S= study object similar to target; N study neither target nof

. 4. Cumulative response time distributions from Experiment 1
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