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Abstract. In this paper we take a step towards single-trial behaviodeling within a Theory of
Visual Attention (TVA). In selective attention tasks, suadhthe Partial Report paradigm, the subject
is asked to ignore distractors and only report stimuli thdobg to the target class. Nothing about
a distractor is observed directly in the subject’s overtavadr, hence behavioral modeling of such
trials involves out-marginalizing the variables that esgEnt the distractors’ influence on behavior.
In this paper we derive equations for inferring a latent espntation of the distractors on a Partial
Report trial. This result retrodicts a latent attentionates of the subject using the observed response
from that particular trial and thus differs from other pretdins made with TVA which are based on
expected values of observed variables. We show an examfie oésult in single-trial analysis of
an occipital EEG component.
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INTRODUCTION

The implicit goal in parametric modeling of behavior is tarsunarize a set of obser-
vations by means of a smaller set of parameters whereas piaEltyexplicit goal is
to draw comparisons between parameter estimates of diffeomditions. The number
of model parameters grow with the number of compared canrditas opposed to the
number of observations, and thus a mismatch between modehpeers and single-trial
ambitions exist: one cannot estimate a set of parameteestdrtrial individually. How-
ever, as is well known, human cognition is a stochastic meead even under identical
experimental conditions no two trials produce the exactesaognitive response due
to uncontrollable fluctuations in the subject’'s mentalesiatate of arousal, readiness,
etc.). Unobserved (latent) variables representing suaftah@uctuationsmay depend
on physiological measurements such as EEG [1, 2] and pdaiiah [3], but as we will
show they can also be based solely on behavioral data in catitm with a parametric
model. We illustrate this principle within A Theory of Visuattention (TVA) [4] by in-
ferring latent variables that represent the distractoesPartial Report task. These latent
variables are inferred per trial, conditioned on the obsgmesponse of the subject, i.e.
retrodictions which differ from general model predictiomsich predict behavior based
solely on experimental conditions. These purely behavinfarences could prove use-
ful for single-trial analysis of functional neuroimagingtd.

Mathematical models are used extensively in functionalkoienaging to separate
random signals from random noise. This requires assungpadout both signal and
noise. A typical assumption in neuroimaging modalitieshsas EEG and fMRI is
that the neural signal has a reproducible portion which carsdéparated from the



noise by averaging methods (producing smooth looking ERRbancase of EEG).
To link single-trial fluctuations in EEG with behavior, oneatds behavioral variables
that fluctuate within trials of the same type. We show an exarapinference of such
variables for explaining event-related modulation of batry power in an occipital
EEG component.

BEHAVIORAL MODELING WITH TVA

The Theory of Visual Attention (TVA) by Bundesen [4] offers arametric model of
a subject’s behavior when asked to categorize elements okhdisplay. A subject
is assumed to perceive a particular categorization if arigl brthat categorization
reaches Visual Short Term Memory (VSTM) before the stimuisplay disappears.
All elements in a display compete in a stochastic race forsitipo in VSTM: the time
it takes for an object to finish is assumed to be exponentdififributed. The VSTM
Is assumed to have a limited capacity in the sense that it crhold categorizations
of a finite number of elements at any given time. ketddenote the VSTM capacity
parameter. Furthermore, let the paramégedenote the temporal threshold for visual
perception, a temporal constant which must be exceedeceldigplay duration in order
for any categorization to take place. Assuming that the agpbmitation of VSTM is
not an issue, for example if the number of displayed elentdés not exceed the VSTM
capacity, the probability that an elemetrieaches the VSTM on a displ&of duration
t is given by

Pe(X[ K>S, t>1) = 1—exp(—Vy[t —to]) (1)
wherevy is the ‘processing rate’ with which the particular categation takes place.
The VSTM capacity limitation is in effect whenever there arere tharkK elements in
a display. To derive the probability of encoding a particdEement of such a display,
one must consider all combinations of elements filling upMB& M, thus
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whereS= S\ x, P(J) is the power set od, Pj(S) is the set of subsets with cardinality
j of the power set of, andv = S mesVm— S1eaVi + Skel Vk , see Kyllingsbaek [5, 6],
Dyrholm et al. [7] for derivation details and Dyrholm [8], Eholm et al. [7] for an
algorithm that runs through the power set of a given elenieatalinality.

Only a limited amount of resources are available for praogsa display, hence in
multi-element displays the processing rate of an elemeguenigs on the other elements
of the display. The processing rate of an element becomestdn of the total process-
ing capacity according to its attentional weigit relative to the sum of the attentional
weights of all elements in the display
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whereC is the total processing capacity (elements per second). $&ethe software
package of Dyrholm et al. [7] for estimatiri§, to, C, and{w;} from behavioral data

v =C (3)



consisting of Partial Report and Whole Report trials in whiah tidisk of the subject is
to report target stimuli while ignoring potential distracstimuli — the task is known
as Whole Report when no distractors are displayed, but knoviragsl Report when
distractors are present, see also Shibuya and Bundesen [9].

SINGLE-TRIAL LATENT VARIABLE INFERENCE ON A
PARTIAL REPORT TRIAL

We now turn to the novel contribution of this paper: Usingdbserved respon$e(a set
of reported target stimuli) from single Partial Report trial, we retrodict latent variables
pertaining to the attentional state of the subject on thetqudar trial. We address two
guestions about the specific trial: 1) How many distractoesenencoded? 2) Which
distractors were encoded?

Question 1. How many distractors were encoded on the trial ?

First we compute the joint probability of encodidglistractorsand reporting the set
R of targetsgiven the VSTM capacityK

0 ,d+|R>K
p(d,RIK) = qp; , d+[R <K (4)
P, . d+[R=K

where
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wherev = Vj + Y5 Jur) Vi + YkeL Vk- The VSTM capacity pdf is estimated by the
software of Dyrholm et al. [7] and we can then out-margirekz
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p(d,R) = p(d+ R < K) x p; +p(d+|R| = K) x p, (8)

Then the pdf over the number of distractors encoded giverrdpert is found by
normalizing
p(d,R)

p(d[R) = Sap(.R) 9)

hence the number of distractors encoded on the trial is ég¢c have beek[d|R] =
Yadp(d|R).



Question 2: Was a particular distractor encoded on the trial?

First we derive the joint probability that distractoils encodedand d distractors are
encodedand the respons®is observedjiven K

(10)

: Po , |RI+d<K
i,d,RIK) =

where p denotes the situation that the VSTM is not filled up
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and p denotes the situation that VSTM is filled up
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wherev = Vj + ¥ cs qurui) VI + YkeL Vj- We can then derive the probability that the
distractor was encodeagiven the actual response from the trial

Dl
p(i[R) = _p(lR) dz Po > P(K >d+|R[)+p; xp(K = d+R]) (13)
=1

where the VSTM capacity pdf is estimated by the software ahibim et al. [7].

EXAMPLE: COMBINING SINGLE-TRIAL BEHAVIORAL
MODELING WITH EEG

Behavioral paradigm

The CombiTVA paradigm of Vangkilde et al. [10, 11] employeaéheias a combi-
nation of two classic paradigms used to estimate visuah@ie capacity (the whole
report paradigm; see Sperling [12]) and visual selectiftity partial report paradigm;
see Shibuya and Bundesen [9]), respectively. In the CombiTV&ials (N=324) fol-
lowed the same basic outline: every trial was initiated bgchfixation cross at the centre
of the screen. After 1000 ms a letter display with six possgitimulus locations on an
imaginary circle (r=7.4 visual degrees) around the fixatiwss was flashed briefly. Dis-
plays consisted of either six or two red letters (whole repaals) or two red and four
blue letters (partial report trials, N=81). Six-letter mlsys were presented for one of
six exposure durations (10, 20, 50, 80, 140, or 200 ms), vasex# other displays were
presented for 80 ms. Letter displays were terminated bytanpanask covering all pos-
sible stimulus locations to effectively stop processinghef letters. All trial types were
intermixed, and the task of the participant was to reportassymed target letters as pos-
sible while ignoring the blue distractor letters. The Ietttor each display were chosen
randomly without replacement from a set of 20 capital Istf&BDEFGHJKLMNO-
PRSTVXZ] and presented in the font Ariel broad (size: 68 kel



FIGURE 1. Current dipole localized to the Left Middle Occipital Gyrughe directional icon is laid
over a standard volume.

Functional imaging with EEG

EEG was recorded from a female subject (age 25) using a 256a@le BioSemi
Activell system at a sampling rate of 2048 samples per se¢baddwidth=20435
Hz) inside a shielded room. The EEG was high-pass filteredH, Ire-referenced to
the average electrode, then down-sampled (after ansHagjaow-pass filtering) to a
sampling rate of 256 samples per second.

The data was then decomposed into independent componémgshus Infomax ICA
algorithm implementation that comes with the EEGLAB softsvpackage [13, 14, 15].
A strong ICA component (ranked third in terms of power) withcalp topography
focus over the left occipital cortex was selected for furttwealysis: an area which has
previously been proposed to reflect discriminative praogsid6]. The power spectral
density of the component indicated oscillatory activityhwa peak around 12 Hz.

A single dipole was fitted to the component topography ushey DIPFIT plug-
in for EEGLAB (based on principles of [17]). The dipole wagsadtized to Talairach
coordinatesgx,y, z) = (—29,—76,10) which, by the aid of [18], can be characterized as
the Left Middle Occipital Gyrus (see for example [19]). FIBH 1 shows an iconic
visualization of the dipole over a standard brain. The EE®&/Icomponent showed
event-related attenuation of 12 Hz activity following thaset of the mask. In the
following, we adopt the notion of Pfurtscheller [20] who dge term “event-related
desynchronization” to characterize such observations.

Results

To test the hypothesis that the observed event-relatechdesynization of the occip-
ital EEG/ICA component was partially due to processing loamtiufation, we used a
Generalized Linear Model (GLM) with the response variatdeng 12 Hz power (anal-
ysis band: 10-14 Hz) in the Partial Report trials (N=81) fwilog mask-onset (latency
window: 0—-250 ms). The power of the mentioned time-freqyemindow was quanti-

L DIPFIT kindly provided by Robert Oostenveld of Donders ise for Brain, Cognition and Behavior,
Center for Cognitive Neuroimaging.



TABLE 1. Likelihood ratio test versus the null
hypothesis that no explanatory variables were useful
in predicting the power of 12 Hz oscillations in the
Left Middle Occipital Gyrus.

Distractors Targets  —2logA  Pr(> x?)

Predicted Observed K- .06
Predicted Predicted .6 .08
Inferred Observed B .06
Inferred Predicted D .02*

* Significant at 5% level. Not corrected for multiple
comparisons.

fied by using multi-tapered spectral analysis with two Slemequences as defined by
the 250 ms temporal window with a frequency analysis banthwafi4 Hz; see Slepian
[21] for a definition of Slepian sequences. We assumed Gaussiise, and a logarith-
mic link function so that the 12 Hz log-amplitude (which i®portional to the logarithm
of the power) was assumed linear in the GLM parameters. Wéwadxplanatory vari-
ables representing the targets: 1) Observed, i.e. numiengefts reported by the subject,
and 2) Predicted, i.e. model fit. We also had two variablesessmting the distractors:
1) Predicted, i.e. model fit, and 2) Inferred, i.e. computegear Question 1. TABLE
1 summarizes the result of testing each combination of egptay variables against
the null hypothesi$iy that no explanatory variables were useful. The use of laterr
Distractors yielded a more extreme statistic compared ioguBredicted Distractors.
The only significant combination was Inferred DistractoithwPredicted Targets. This
model accounted for 13% of the response variable’s variaBoth model coefficients
were negative indicating that increased processing laagets and distractors alike, had
a damping effect on the oscillations. This result suppoutsataim that the inferenced
varibles can be useful in an account for single-trial cagaifluctuations.

CONCLUSION

In this paper we showed how latent variables can be inferred single-trial basis

using TVA-based behavioral modeling. Further, we presbateexample of how these
inferred variables explained trial-by-trial fluctuationsan EEG recording. Specifically,
we found that the event-related desynchronization of an/EE&component localized

to the Left Middle Occipital Gyrus was proportional to thé&rmed number of distractors
reaching the VSTM on a given Partial Report trial.
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