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Abstract
Context of naturalistic scenes has the power to facilitate object processing in the human brain [Brandman and Peelen, 2017]. The representation of objects in the human visual cortex is also strongly modulated
by selective attention [Cohen and Tong, 2013]. How attention influences
the contextual integration of objects and scenes as well as the dynamics of
this process remains unknown. To address this question we recorded brain
activity of participants using Magnetoencephalography (MEG) while they
were viewing degraded (blurred) objects alone or in their natural background preceded by a fixation cross. To manipulate selective attention we
showed the same stimuli display in the center of the screen, but asked participants to perform two interleaved tasks: to respond when they see the
fixation cross changing its luminance (object-unattended) or when an oddball appears instead of an image (object-attended). The representation of
object category (animate/inanimate) was measured by the multivariate
response patterns across the scalp, for each point along the time-course of
the neural response. Contextual facilitation was defined as the difference
in decoding accuracy between objects with scenes and objects alone. This
difference was significant for the object-attended condition at around 300–
400 ms after stimulus onset and not for object-unattended condition. This
suggests that the selective attention modulates the contextual integration
of objects in scenes. However, the animacy decoding of objects in naturalistic scenes was significant in both conditions indicating the contextual
information may facilitate the object representations to some extend with
no attentional resource required. The present study demonstrates how the
multivariate response patterns from MEG recordings may reveal temporal
dynamics of attentional effects on the contextual integration of objects in
naturalistic scenes.
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1

Introduction

Human object recognition is remarkably efficient and amazingly rapid process. The understanding of the neural underpinnings the object perception
has been advanced greatly in recent years. Early studies identified regions in
the ventral occipital temporal (VOT) cortex that respond selectively to objects[Malach et al., 1995], and a few specific categories such as faces[Andrews
and Ewbank, 2004] and bodies [Downing et al., 2001]. Studies using multivariate pattern analysis (MVPA) give fine oraganization of distributed object
representations[Kamitani and Tong, 2005]. Recently this approach was applied
to the Magnetoencephalography(MEG) data to reveal the emergence of object
representations in the human brain [Carlson et al., 2003], [Cichy et al., 2004].
The representation of an object can be altered by the context surrounding it.
Context plays an important role in object recognition, taking less than 150
ms to recognize an object in complex natural image [Thorpe et al., 1996]. Neural
substrates of this process were investigated using simple stimuli as lines [Li et al.,
2000] and color [Smith and Muckli, 2010] in single-cell recording in monkeys and
revealed contextual suppression effect. This effect was confirmed in humans using functional magnetic resonance imaging(fMRI), decoding techniques [Smith
and Muckli, 2010] and real-life occluded scenes. The fMRI study [Cox et al.,
2004] of face-body contextual perception suggests the information about an object is insufficient for highly-selective visual processing and could be facilitated
by extrinsic cues (context). A recent study [Brandman and Peelen, 2017] investigates the contextual integration of objects and scenes combining behavioral
and neuroimaging (fMRI,MEG) approaches. The result reveals that context has
the power to facilitate object processing in object-selective areas in the human
brain. Significant supra-additive contextual facilitation effect was found at multiple time points between 320 and 340 ms after stimulus onset [Brandman and
Peelen, 2017] suggesting the object-scene integration is happening on the perceptual stage of the visual processing. The present study aims to make a step
forward in understanding the neural mechanisms of this process by investigating
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the role of selective attention in the object-scene integration.
Henceforth, we refer to selective attention as enhancement of activity in
the human visual cortex for the item relevant to the current goal. The effects of selective attention are: response enhancement of a target object, feature or location [Martinez-Trujillo and Treue, 2004]; [McAdams and Maunsell,
2000]; [Serences and Boynton, 2007] and baseline increase of the neuronal firing
rate [Chelazzi et al., 1993]. Recently the studies [Chen et al., 2012]; [Seidl et al.,
2012]; [Hou and Liu, 2012] of selective attention demonstrated that multivariate
pattern strength of the neuronal activity increases when stimuli are attended.
Thus multivariate response can demonstrate whether an object was attended or
not.
We hypothesize that selective attention is a prerequisite for the contextual
integration of objects and scenes and addressed this question by comparing
multivariate responses of objects in naturalistic scenes or presented alone in
attended and unattended conditions.
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2
2.1

Methods
Participants

In the experiment participated 17 subjects(7 female) healthy volunteers recruited through SONA system and were given a refund for their participation.
The mean age was 25.1 years (from 21 to 29 years). All participants had normal
or corrected to normal sight (plastic MEG-compatible glasses were provided).
All procedures were approved by the local ethics committee of the University
of Trento and followed the safety guidelines for MEG research in the Laboratory for Functional Neuroimaging (LNiF) at the Interdepartmental Centre for
Mind/Brain Sciences (CIMeC).

2.2

Stimuli

The stimulus set for the main experiment consisted of sixty degraded animate/inanimate objects(per thirty each) on the gray background and sixty degraded animate/inanimate objects(per thirty each) in intact scenes. The set
for animacy pattern classifier consisted of sixty animate/inanimate intact objects(per thirty each). All stimuli were taken from the study[Brandman and
Peelen, 2017] and were presented foveally on the screen placed on the one-meter
distance from participants’ eyes.

2.3

Procedure

Prior to the experiment, each subject went through the preparatory stage of
head measurements for creating the individual head shape reconstruction and
further signal alignment. Every participant had two blocks of the experiment
oddball and dimming tasks for training before going inside to the MEG system(Vectorview 306 channel magnetoencephalograph (Elekta Neuromag, Helsinki))
in a magnetically shielded room. The experiment consisted of 12 blocks of ~5
minutes each. The first eight blocks consisted of the visual stimuli: degraded
objects alone (on gray background) and degraded objects in the natural scenes.
5

All stimuli were displayed through a back projector (Propixx Projector, resolution 1920x1080, 240Hz refreshing rate), filling 6 degrees of visual angle. In the
attended and unattended, conditions subjects viewed the same setting but were
performing different tasks (illustration of one trial is presented in Figure 1).
On each trial, participants viewed a black fixation cross (600 ms) which could
be followed by the gray fixation cross (80 ms), briefly presented image (50 ms)
or oddball (randomly generated sequence of digits) and mean ITI of 2s ±500
ms jitter. The visual stimulus set consisted of 150 degraded animate/inanimate
objects on a natural or gray background. The set for animacy pattern classifier
consisted of 120 animate/inanimate intact objects.Trials were intermixed in a
random fashion. One block consisted of 120 trials.
To draw the attention away from the stimulus the dimming task was used
(adapted from the dual-task in [Stein and Peelen, 2017]) - the fixation cross appearing before each stimulus presentation briefly changes its luminance, turns
from black to gray. So participants have to detect this change and press the
button of the control panel. In order to attract the attention to the objects we
use the oddball task - the random sequence of digits is presented instead of one
of stimuli and subjects press the button when they see the oddball stimuli. It
is important to note that in the current study we don’t manipulate attention
spatially as in other studies [Li et al., 2002]; [Lee et al., 1999]. Instead, we
show participants the same trial structure in attended and unattended condition varying the task: To respond to the oddball or to fixation cross changing
its luminance(dimming), respectively. The dimming is presented right before
the stimulus in random fashion aiming to consume the attentional resource and
to draw it away from the stimulus presentation in the case of object-unattended
perception. All the trials containing the target were excluded from the analysis.
Runs for two conditions were interleaved. The accuracy display was present after
every 16 trials (percentage of correct answers). Stimulus presentation, behavioral responses and trigger timing were controlled through Matlab (Mathworks
©) running on a computer outside the magnetically shielded room.
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Figure 1: The scheme of a trial of the main experiment

2.4

Data Analysis

The data recorded went through the Maxwell filtering[Taulu and Kajola, 2005]
performed on the Minea server of the MEG laboratory. For the preprocessing
stage was used Fieldtrip toolbox (http://fieldtrip.fcdonders.nl; [Oostenveld et al., 2011]) and for MVP analysis - CosmoMVPA toolbox (http:
//cosmomvpa.org; [Oosterhof et al., 2016]). The segmentation of each record
was performed offline defining epochs for each trial comprising neural activity
from 200 ms before to 800 ms after stimulus onset. All the data was downsampled to 100 Hz to increase the signal-to-noise ratio (SNR) as suggested in
previous studies ( [Carlson et al., 2003]). This procedure results in a maximal temporal resolution of 10 ms. After pre-processing, artifact rejection was
performed manually via visual inspection of each record and removing noisy
channels and trials containing artifacts. Decoding was performed across posterior magnetometers (48 channels before noise-based exclusion) of each participant. All the data was time-locked between 0 and 500 ms from the stimulus
presentation. Prior to decoding, temporal smoothing was performed by averaging across neighboring time-points with a radius of 2 (20 ms). The resulting
vectors representing the neural activity at each sensor at a given time point
7

construct patterns. A support vector machine (SVM) classifier uses these patterns to discriminate responses to animate vs. inanimate objects by learning
the linear combination of measurements that best discriminates the two conditions (‘temporal generalization method’; [King and Dehaene, 2014]) at each
given timepoint. Decoding of intact object animacy was measured within the
animacy pattern localizer, by training on old-object trials of both conditions,
and testing on new-object trials. Cross-decoding was achieved by training on
all conditions of the animacy pattern localizer (runs with dimming and oddball
tasks), and testing on each of the experiment conditions (degraded objects alone
or in scenes in attended and unattended conditions). Decoding was performed
for every possible combination of training and testing time-points between 0 and
500 ms measuring the classifier accuracy each cell in the matrix indicates the
decoding accuracy with which the classifier distinguishes between two images,
resulting in a 50 x 50 matrix of 10 ms time-points, for each of the 4 conditions,
per subject. To generate a measure of same-time cross-decoding, decoding accuracy of each time-point along the diagonal of the matrix was averaged with
its neighboring time-points at a radius of 2 (20 ms).

2.5

Statistical significance tests

All statistical tests were computed on the group level. Statistical analysis was
performed using the Statistics Package in Matlab and CoSMoMVPA toolbox.
To reveal significant clusters corrected for multiple comparisons we used Threshold Free Clustering Enhancement approach ( [Smith and Nichols, 2009]) with
permutation testing.
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3

Results

3.1

Effects of attention on the contextual facilitation of
objects and scene

Contextual facilitation was defined as the difference in decoding accuracy between objects with scenes and objects alone. To reveal how attention influences
this process we compared the contextual facilitation in attended and unattended
conditions. The results of analysis are presented by the temporal generalization
matrices of the object animacy decoding (Figure 2), temporal smoothing result
(Figure 5) and TFCE analysis of decoding significance (Figure 4).
The decoding results in Figure 2 (a,b) and Figure 5 show the below-chance
animacy decoding of degraded objects alone in both conditions. This result is
supported by the significance test against chance (Figure3) demonstrating no
significant clusters for objects alone in both conditions. This suggests that the
degraded objects on their own don’t carry enough information for the animacy
decoding. The processing of objects in scenes in attended condition (Figure 2,
c) is demonstrated by the above-chance object animacy decoding between 280470 ms after the stimulus onset(2,b and Figure 5,a1). The activity is slightly
shifted to the right side from the diagonal what suggests that the features of
intact objects decoded at around 280-320 ms are decoded later in the case of degraded objects in scenes(Figure 5). The different profile of object processing is
presented by the result of the unattended condition (Figure 2, d). It shows significant animacy decoding between 320-420 ms, but the decoding accuracy(Figure
6) is lower in comparison with the attended condition. The difference between
attended (Figure 2, c) and unattended (Figure 2, d) object-in-scene recognition
reveals that selective attention facilitates the contextual facilitation of objects in
scenes in the human brain. This result is confirmed by the TFCE analysis with a
permutation test. The contrasts in attended condition (Figure 4) demonstrates
significant (p <0.05) clusters between 300 and 400 ms while no significant points
were found for the contrasts in the unattended condition(Figure 5). This indi-
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cates that attention indeed is required for the object-scene integration: In the
absence of attention there is no significant difference of the decoding of degraded
objects alone and objects in naturalistic scenes.

(a) Degraded objects alone in the at-

(b) Degraded objects in scenes in the at-

tended condition

tended condition

(c) Degraded objects alone in the unat-

(d) Degraded objects in scenes in the

tended condition

unattended condition

Figure 2: Temporal generalization matrices of animacy cross-decoding in main
experiment. The horizontal axis represents the testing time (ms), vertical axis
represents the training time (ms) and color bar on the right side of every image
shows the decoding accuracy (%)
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(a) Attended condition

(b) Unattended condition

Figure 3: Significant clusters(p <0.05) for the object-in-scene decoding against
chance obtained with TFCE analysis. The horizontal axis represents the testing
time (ms), vertical axis represents the training time (ms).

3.2

The decoding of intact objects in attended and unattended conditions

The intact object decoding in both conditions (Figure 7) is strong and allocated
diagonally starting from around 100 ms. This finding goes in line with previous
works on decoding from MEG data ( [Cichy et al., 2004]; [Carlson et al., 2003]).
In attended condition (Figure 6, a) the activity spreads from the diagonal after
280 ms indicating the sustained information about object representation. The
higher accuracy rate across diagonal especially between 250-300 ms(Figure 8)
and spreading of activity to the left side of the diagonal after 200 ms can be
observed in the unattended condition (Figure 6, b). Figure 7 shows the significant time points (p <0.05) for the above chance intact decoding accuracy for
attended(a) and unattended conditions(b).
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Figure 4: Significant (p <0.05) clusters for the contrast of objects alone and
objects in scenes in attended condition calculated using TFCE analysis with
permutation tests. The horizontal axis represents the testing time (ms), vertical
axis represents the training time (ms). Blue color - not significant values, red significant.
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Figure 5: Cross-decoding accuracy along the smoothed time diagonal(matched
training and testing times) for attended condition for objects alone(attendedobject) and objects in scenes(attended-objectInScene) and unattended condition for objects alone(unattended-object) and objects in scenes(unattendedobjectInScene). Horizontal dashed line indicates the chance decoding accuracy.
Data are represented as mean - SEM.

(a) Attended condition

(b) Unattended condition

Figure 6: Animacy decoding of intact objects. The horizontal axis represents
the testing time (ms), vertical axis represents the training time (ms) and color
bar on the right side of every image shows the decoding accuracy (%)
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(a) Attended condition

(b) Unattended condition

Figure 7: Significant (p <0.05) clusters showing the decoding of intact objects
above chance calculated using TFCE analysis with permutation tests. The
horizontal axis represents the testing time (ms), vertical axis represents the
training time (ms). Blue color - not significant values, red - significant.

Figure 8: Decoding accuracy of intact objects smoothed along the time diagonal(matched training and testing times). Data are represented as mean - SEM.
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4

Discussion

Recent study[Brandman and Peelen, 2017] revealed the neural correlates of the
contextual facilitation of objects in naturalistic scenes. Is the contextual integration of objects and real-life scenes an automatic process or it requires the
attentional resources to be allocated for this integration to happen? In the
present study we addressed this question by comparing the contextual facilitation of objects in scenes being attended or not.
The one interpretation of our results is that the object-scene integration is
independent of the selective attention. The recognition of objects in naturalistic
scenes is very rapid[Li et al., 2009] and is efficient even in the near absence of
attention while performing the demanding dual task[Li et al., 2002]. The contextual information may be activated implicitly[Chun and Phelps, 1998],[Chun
and Phelps, 1999],[Mathis, 2002], possibly having the shortcut to the high-level
semantic information and boosting the object recognition even before its reportable identification [Bar, 2004],[Kouider and Dupoux, 2004]. The significant
decoding of degraded objects in scene in the unattended condition of the present
study may suggest the contextual facilitation effect for time points between 320
and 400 ms. This timing goes in accordance with the result of the MEG part
of the study[Brandman and Peelen, 2017] revealing the contextual facilitation
effect starting at 320 ms after stimulus onset.
Another possibility is that when there is no sufficient information about an
object, the selective attention boosts the external cues shaping the object representation in the visual system. This idea can be supported by the current result
of the TFCE analysis contrasting the degraded object alone versus degraded
object-in-scene animacy decoding in the attended condition revealing the significant clusters at 290 and 320 ms after stimulus onset. It means that the contextual cues facilitate the emergence of the object representation in the presence
of attention. This finding also conforms with the MEG study from[Brandman
and Peelen, 2017] revealing the contextual effect starting from the 320 ms after
stimulus onset. It is important to note that despite the above-chance animacy
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decoding for objects in scenes in both conditions, there are more clusters(at
300-480 ms) and higher and earlier peak (58% at 320 ms vs 56% at 345 ms)
of the accuracy decoding observed in the attended condition. No significant
contrasts were found for the unattended condition indicating that the external
cues don’t boost the object recognition in the absence of selective attention.
But what if the subjects were actually paying attention to the stimuli in both
conditions? The attentional research always faces a problem of not being able to
switch off the attention, thus we can’t directly measure the “level of attentional
resource” when measuring the multivariate neural response. Time-frequency
analysis may be used for comparing levels of attention in the experiment conditions of the present study by measuring the alpha power(i.e., the amplitude of
the oscillation): it has been suggested that suppression of the alpha power is the
signature of increased attention[van Diepen et al., 2015]. Comparison of the alpha power in attended and unattended condition may confirm the manipulation
of attention.
To conclude, in the present study we aimed to investigate the neural correlates of the contextual facilitation of objects in real-life scenes in the presence
or absence of selective attention. Our results reveal the facilitatory effect of
the scene context on the object representation in both conditions. However,
this effect was significant and stronger in the attended condition. For now, we
demonstrated that the selective attention and the context taken together facilitate the object recognition greater than the contextual information alone. The
question about the interaction of the scene context and the selective attention
remains open for the further analysis of the data recorded.
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