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Abstract 

Our environment has a variety of different features that our visual system must 

encode every day. These features can be represented as probability distributions. 

Previous research has shown that our visual system can encode mean, variance and 

even the distribution shape, both for colour and orientation ensembles (Chetverikov 

et al. 2016; Chetverikov et al 2017a). Research has also shown that when learning 

multiple feature distributions (colour and orientation) simultaneously the properties 

of the irrelevant distribution impaired the encoding of the relevant one (Hansmann-

Roth et al, 2018). In this thesis we have revised a previous experiment where 

observers where to find either the odd color out or an odd orientation line. We 

increased the learning trials and used only trials in which orientation was the 

relevant feature. The lines were still coloured to investigate the role of the task- 

irrelevant feature on distribution learning. Our results are noisier and the distribution 

learning is impaired compared to the Chetverikov et al (2016) data. Colour seems to 

influence the precision of the internal representation. Colour does make the search 

more difficult. This could stem from pop out effects or that the search seems to 

change from parallel to a serial search, which results in slower RTs. 
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1 Visual search 

Wherever we look around us we see various objects in different sizes, colours and textures. 

These diversities form our unique view of the world and most of the time we do not think too 

much about its construction. These features often appear together and therefore the brain can 

extract regularities in the scene which may reduce redundancy in the image. In short, features 

can be represented as a summary representation. The visual system is capable of processing 

individual objects or features but sometimes all these distinct features blend in to one another. 

For example, when we observe a crowd of people, the visual system might not process and 

memorize every individual feature, colour or clothing but we see the crowd as a whole. 

Imagine taking your daughter to the playground and suddenly you realise that you have lost 

sight of her. You specifically remember that she was wearing a dark green coat. When you 

look around the playground you quickly filter out all the children wearing coats that don’t 

match the colour that your child was wearing. Then you are left with all the colours that are 

similar to what you are looking for. This makes your search more efficient and rapid. 

In a typical visual search task, like the one described here above, the observers search 

for the same target repeatedly among a set of distractors. In some of these tasks the identity of 

the target and distractors can change from one trial to the next (see for example in 

Kristjánsson et al. 2002). 

Distractors can either be homogeneous or heterogeneous. Homogeneous distractors 

reduce search time, while heterogeneous result in more difficult searches and increased 

search time. The search becomes more difficult as the target-distractor similarity increases 

and easier when distractor-distractor similarity increases (Wolfe, 2002).  

 If the target has the same features or has appeared in the same location as the previous 

trial it results in faster searches (Maljkovic & Nakayama, 1994, 1996). This has been called 

priming. Priming refers to the fact that what we perceive beforehand can influence what we 

perceive thereafter (Kristjánsson, 2006). Kristjánsson et al. (2002) conducted an experiment 

that demonstrated priming in a visual search task. Observers were instructed to find a red 

vertical bar amongst horizontal red and vertical green distractor bars. In a second condition of 

the experiment the target was not held constant and was not the same on each trial. The 

results showed that visual search was more efficient on trials where the features were 

identical between trials. Therefore, priming does play a role in visual search and results in 

faster and more efficient searches (Kristjánsson et al. 2002). 
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Another example of how previous trials affect response times in visual search are role 

reversals. Role reversal is when the target in one trial becomes the distractor in the next and 

vice-versa (Kristjánsson & Driver, 2008). For example, if the distractors are circles and the 

target is a triangle the search will become more difficult (Figure 1a) when after a few trials 

the distractors become triangles and the target becomes a circle (Figure 1b). If the target had 

become a square it would not have had as much effect on the response time.  

 

 

 

 

 

 

 

 

 

 

Figure 1. Example of a visual search task. A) When the distractors are circles and the target is a 

triangle. B) Now the distractors are triangles but the target is a circle. 

 

 

There are two well-known types of searches that are observed in visual research  

experiments regarding amount of distractor and search time, these are serial search and 

parallel search. Parallel search as seen in figure 2a refers to the finding that the target is 

detected equally quickly regardless of the number of distractors (Treisman & Gelade 1980). 

In the case of parallel search, attention is automatically drawn to the odd item (target) which 

is referred to as “pop-out” (Maljkovic & Nakayama, 1994). The term serial search seen in 

figure 2b is applied to the finding that a growing number of distractors increase the time 

necessary to find the target (Maljkovic & Nakayama, 1994). As a result of processing each 

item one at a time, the search time should linearly increase with set size (Eckstein, M. P, 

2011).  
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Figure 2. Example of parallel and serial visual search tasks. The observers task is to find the up arrow 

amidst the distractors which are down arrows. A) parallel search task, the pop out is very clear and 

makes the target easy to spot. B) Serial search task, the colours slow down the search and the 

observers need more time to observe each arrow to find the stimulus (up arrow). 

 

 

As we navigate through the environment we sometimes focus our attention on a single 

object such as a tree and sometimes we spread it over a wider area to see the forest. 

Therefore, the forest can yield two different kinds of information, global and focused 

properties (Chong & Treisman, 2005) Results from Watamaniuk and Sekuler (1992) showed 

that accessing more information helps observers to process statistical properties. Therefore, 

global search tasks produced faster reaction times than the focused attention tasks. Global 

attention tasks are consistent with parallel search so by varying the size of the attention 

window it is possible to change serial search to a parallel search or in other words change it 

from a focused attention task to a global task (Chong & Treisman, 2005). Chong and 

Treisman (2005) tested the hypothesis that performance would be better on judgments of 

mean size when the concurrent task encouraged distributed or global attention rather than 

focused attention. Their results supported their hypothesis.  

 

 

 

 

 

 



10 
 

2 Ensemble statistics 

In everyday life there are multitudes of details our visual system processes seemingly with 

ease. But nevertheless, the visual system has limited capacity when it comes to representing 

the environment. Research has shown that our visual system has processing limitations. For 

example, change blindness, attentional blink and multiple object tracking (Simons & Chabris, 

1999; Raymond, Shapiro & Arnell, 1992; Scholl & Pylyshyn, 1999). To avoid limitation as 

much as possible and overload of information the visual system applies numerous heuristics, 

and it exploits the world’s statistical regularities to summarize information. This is called 

ensemble perception and involves the idea that our visual system represents sets of similar 

items using a probability distribution. When we gaze at a field of grass we use summary 

statistics to interpret what we see, and it appears to us as something that is complete, but  not 

as individual blades of grass or multiple features (Haberman & Whitney, 2012). In some 

ways this idea is reminiscent of the theories of the Gestal psychologists, who proposed that 

the final perception is somehow more than the sum of its parts. Meaning that we as observers, 

sometimes don’t fully process or remember individual features, we see the whole picture 

(Wertheimer, 1923). 

 Research on summary representations that explore ensembles coding have established 

that participants can have a statistical representation for many low-level stimuli, such as 

orientation (Alvarez & Oliva, 2009), position (Alvarez & Oliva, 2008) and size (Ariely, 

2011). The world is incredibly rich with complex forms and scenes, it is therefore reasonable 

to conclude that ensemble coding could surpass low level stimuli and go beyond to higher 

level stimuli. Research has succeeded in showing that observers can extract an average 

representation from high level stimuli. Haberman and Whitney (2012) used faces in their 

research and demonstrated that observers could discriminate the average expression of the 

whole set as well as they could discriminate the expression of a single face.  

Chetverikov, Campana & Kristjánsson (2016) developed a paradigm to assess 

observers’ internal representation of a feature distribution. They applied a singleton search 

for an oddly oriented target line among differently oriented distractors. In small blocks of 

trials, the distractor and target features are kept constant. This leads to shorter RTs due to 

priming of a pop-out while switching leads to an increase in RT (effect of role-reversals). 

Manipulating the distance between target and the previously learned distractor distribution 

leads to a RT-function that resembles the underlying features of the distractor distribution. In 

test trials that followed the learning trials, the target was placed at pre-defined positions 
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around the previously learned distractor distribution. RT functions nicely followed the shape 

of the underlying distractor distribution (Figure 3.)  

 

 

 

 

 

 

Figure 3. Search times as a function of the distance between the current target and the mean of the 

previous prime distractor distribution (CT-PD). Shaded areas show 95% confidence intervals based on 

local regression fit (left) (Chetverikov & et al. 2016). Prediction of the RT function plotted against 

the distance between the target and the distractor distribution during learning (CTPD), if distribution 

shape is encoded (right) (Chetverikov & et al. 2016). 
 

Current studies have shown that observers can learn information about the shape of 

distractor distributions in a visual search paradigm. Most of the experiments were tested with 

orientation and demonstrated distractor distribution learning. Further experiments have also 

shown that this is the case for distractor distribution for colours as well as orientation 

(Chetverikov, Campana & Kristjánsson, 2017b). Larger standard deviations of preceding 

distractor distributions result in slower response time, this indicates that information about 

the variance of the distractor distribution is encoded (Chetverikov & et al. 2016). In general 

RTs follow the shape of the preceding distractor distributions such as steep Gaussian 

probability density functions result in steeper decrease of RTs as a function of previous 

distractor to target distance (Chetverikov & et al. 2016). To this extent it is evident that RTs 

follow the shape of the preceding distractor distribution. This suggests that distribution shape 

is encoded along with the mean and standard deviation (Chetverikov et al. 2016). 

 Current findings have demonstrated that observers can represent Uniform and 

Gaussian distributions equally well. It requires as little as one or two learning trials to 

represent these distributions (Chetverikov et al. 2016). In additional experiment Chetverikov 

et. al (2017b) used bimodal distractor distribution, that is a distribution that consists of two 

modes. 
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It was more difficult for the observers to encode the bimodal distractor distribution, they 

needed longer learning streaks than the streaks previously used to assess the Gaussian and 

Uniform distributions. After five to seven learning trials their RTs started following the shape 

of the bimodal distractor distribution more closely. Compared to the Gaussian and Uniform 

distributions for which 1-2 learning trials were sufficient to have an internal representation of 

the distribution shape, it was more demanding for the observers to approximate the shape of 

the bimodal distribution. These findings show that the more complex distributions require 

more time if observers are to learn them (Chetverikov et al. 2017b). 

A certain minimum amount of information is required on each trial for distribution 

learning to occur. Experiments with varying set size showed that distribution shape learning 

requires a minimum number of distractors to properly represent the distribution shape. On the 

other hand, our visual system might not even consider a small set size to be an example of a 

distribution (Chetverikov, Campana & Kristjánsson, 2017b). The visual system is able to 

represent the shape of feature distribution drawn from Gaussian, Uniform and even bimodal 

distributions.  

Even though observers seem to be able to encode higher and lower level stimuli 

drawn from Gaussian, Uniform and even bimodal distribution it seems our learning is 

possible but is not without its limits. New experiments have tested this flexibility by 

examining whether the visual system accurately represents feature distributions in the 

presence of another feature distributions. The stimuli were defined by two distinct features 

i.e. colour and orientation. The question is if the irrelevant feature distribution would 

influence learning of the task- relevant distribution and whether observers also encode the 

irrelevant distribution (Hansmann- Roth et al. 2018). The result exhibited that the irrelevant 

distribution impaired the encoding of the relevant distribution. There was an asymmetry 

between the learning of colour and orientation distributions (Figure 4). The orientation 

learning was affected and performance was worse than in previous experiments for 

orientation learning (Chetverikov, Campana & Kristjánsson. 2016). Perhaps this effect stems 

from interference from the colour feature. The work in this thesis therefore replicates the 

orientation search task in Chetverikov et al (2016) but with coloured lines and longer learning 

streaks than before (Hansmann- Roth et al. 2018). We investigated whether the colour feature 

distribution is preventing the learning of the orientation distribution during the search task.  
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Figure 4. RT during testing trials plotted against the distance between target and the previous mean of 

the distractor distribution. RTs are separated by distribution shape. Target defined by orientation (left) 

and by colour (right). 

 
 
 

3 Methods 

3.1 Participants 

10 (6 females, age M=23.6 and 4 males, age M= 18.8) students at the University of Iceland 

took part in four experimental sessions of approximately 30 min each. Observers performed 

two sessions per day on two different days. The first session served as a training session to 

familiarize the observer with the task and the experiment. 

 

3.2 Equipment/Apparatus 

Observers were seated in a darkened room in front of a 24- inch Asus VX248h display with a 

60 Hz refresh rate and a 1920x1080 pixel resolution. The computer was set up with the 

Windows 10 operating system and the software used to make the experiment was MATLAB 

R 2016a with Psychtoolbox-3. The subjects were positioned about 57 cm away from the 

screen. 

 

3.3 Stimuli and Procedure 

The experiment was an odd-one-out visual search task. Participants viewed a set of 36 lines 

in a 6x6 grid with a size about 17.45 x 17,45° of visual angle. The length of each line was 
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1.4°. The lines were jittered +/- 0.5° in both directions (horizontal and vertical) (Figure 5). On 

each trial the observers’ task was to find the different orientated line (the target) and report its 

position by using the up and down arrow keys on the keyboard. If the target was in the upper 

three lines of the grid the observers used the up-arrow key and for the lower three lines they 

were instructed to press the down-arrow key. The orientation of each line was drawn 

randomly from a Gaussian or Uniform distribution (Figure. 6) while the mean and variance 

within the learning streak was held constant. This was also done for the target. The target 

orientation was chosen randomly for each trial, but it had to be at least 60° (up to 120°) away 

from the mean of the distractor distribution.  

 The colour space was based on 48 isoluminant hues, in Derrington, Krauskopf, and 

Lennie (1984) color space. Adjacent hues were separated by approximately one just-

noticeable- difference. The colour distribution during learning streaks was either Uniform or 

Gaussian with a SD of 6 JND and 3 JND during test trials. The distractor means was chosen 

randomly and kept constant during learning. Colour and orientation of the target was chosen 

randomly during each trial. The irrelevant feature of the target was chosen from within the 

distractor distribution and the relevant feature was chosen randomly from a range of values 

with a minimum and maximum distance from the distractor mean (18-24 JND for colour, 

60°-120° for orientation). The mean of the irrelevant distribution was identical during 

learning and testing, as was the feature of the irrelevant target. 

 On the testing trial the relevant target feature was placed at particular probe points 

inside and outside the previously learned distractor distribution. The distractor distribution 

mean was selected randomly, with the restriction that the target-to-distractor distance range 

from 60°-120°. The same applies to the colors except that the range was 18-24 JND (Figure. 

7). Each experimental session contained 288 blocks and 1296 trials in total. Each block 

contains 6-7 learning trials and one test trial to assess the learning of the previous 

distribution. The observers were not aware of whether the present trial was a learning or a test 

trial. Observers had unlimited time to search for the target but were encouraged to respond as 

quickly and accurately as possible. They received feedback after each trial. Observers 

received a score based on their response time and accuracy. The core from the previous trial 

was presented in the upper left corner of the screen either in green or red. Green for accurate 

and fast responses and red for mistakes or slow searches. The scores were used to motivate 

observers. If an observer made an error the word “ERROR” would pop up in red letters at the 

centre of the screen for 1s.  
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Figure 5. Example of a target and distractors during the experiment. 
 

 

  
 

 

 
Figure 6. Example distributions. The top row shows example stimuli (orientation) from either 

Gaussian (left) or uniform (right) distribution. The bottom row shows the corresponding probability 

density function of the distractor distributions and the target position in feature space.  
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Figure 7. Example distributions. Top row shows example stimuli (colour) from either Gaussian (left) 

or uniform (right) distribution. The bottom row shows the corresponding probability density function 

of the distractor distributions and the target position in feature space. 

 
 

 

3.4 Data analysis 

All RTs below 250 ms were excluded, since we do not expect that observers were able to 

attend to the stimuli within such a short time. The observers might have pressed the correct 

button by accident. Trials after an incorrect response were excluded to avoid post-error 

slowing effects. These errors may lead to abrupt increase in conscious control over task 

performance, causing slower reaction times. To analyse reaction times and accuracy during 

learning streaks we conducted two-way repeated-measures ANOVA. ANOVAS were 

conducted in the open source software R (R Development Core Team, 2012) using a random 

effects model from the ez package (Lawrence, 2015). 
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4 Results 

Fig 8. A) Mean response time (RT) for correct answerer’s and B) mean percentage of correct 

responses as a function of trial number within learning sequences and distribution type. Error bars 

were +/- 1 SEM. Search times were plotted against all trials in learning. Red line stands for Uniform 

distribution and blue for Gaussian distribution. 

 

Overall mean for response time was 1.50 and 0.91 for accuracy. Figure 8a shows the average 

search time across all 6-7 learning trials separated for each distractor distribution. Search 

times are higher for uniform distractor distributions. Search times decreased during the first 

repetitions, reaching a plateau state approximately after the second trial (Figure. 8a). A 

repeated-measures ANOVA revealed a main effect of distribution shape, F(1,9) = 27.134, p < 

0.05, a significant effect of repetition, F(6,54) = 5.393, p < 0.05, but no interaction F(6,54) = 

1.252, p  0.005. Figure 8b shows percentage of correct responses across all 6-7 learning 

trials separated for each distractor distribution. The Gaussian line is higher than the Uniform 

line indicating the effect of distribution shape. A repeated-measures ANOVA revealed a main 

effect of shape, F(1,9) = 9.866, p  0.005, but no effect of repetition, F(6,54) = 0.527, p 

0.05 and no interaction F(6,54) = 1.361, p  0.05. 
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Figure 9. Search times as a function of the distance between the current target and the mean of the 

previous prime distractor distribution (CT-PD). Shaded areas show 95% confidence intervals based on 

local regression fit (left). Prediction of the RT function plotted against the distance between the target 

and the distractor distribution during learning (CTPD), if distribution shape is encoded (right) 
(Chetverikov & et al. 2016). 
 

 

We analysed distractor to target switches treating RTs on the test trial as a function of the 

distance between the current target and the mean of the previous distractor distribution (CT-

PD). If the target falls within the previously learned distractor distribution is should result in a 

slower search because of role reversals (Kristjánsson & Driver, 2008). Therefore, if the target 

falls outside the distractor distribution the search should accordingly get faster (Figure 9a). A 

target with an orientation close to the mean of the previous distractor distribution (distractor 

to target switch) or distractor distributions with a mean close to the previous target (target to 

distractor switch) may have an effect on task performance (Kristjánsson & Driver, 2008). If 

participants can learn the shape of the distractor distribution the function on test trials 

following a uniform distribution should be roughly flat and the second should have a negative 

slope corresponding to a steadily decreasing probability of observing a distractor in that 

orientation (Figure 9b) (Chetverikov, Campana & Kristjánsson, 2017b) For Gaussian 

distribution, the first segment of the function on test trials should have a negative slope, but 

the second segment should be roughly flat because the probability monotonically decreases 

within the distribution range (Figure 9b) (Chetverikov, Campana & Kristjánsson, 2017b).  

To analyse observer’s degree of shape learning we followed the procedure described 

by Chetverikov et al. (2016). We used a segmented regression to test whether the two 
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functions contained any significant breakpoints. Chetverikov et al. (2016) showed that RT’s 

following a Gaussian distractor distribution decreased linearly and RT functions following a 

uniform distractor distribution contained a breakpoint and are better described as a two-step 

linear function.  A segmented regression confirmed that the search times following the 

Gaussian distractor distribution did not reveal any significant breakpoint: Davie’s p = 0.33. 

Search times as a function of the target to distractor distance monotonically decreased. The 

slope was significantly negative: b = -2.14, CI = [-3.96, -0.33]. However, the RT functions 

following a uniform distractor distribution did not contain any significant breakpoints 

(Davies test: p = 1). We nevertheless found a significant decrease in RT as the distance 

between the current target and the previously learned distractor distribution increases. The 

slope was significantly negative: b = -2.04, CI = [-3.86, -0.21].  

Distractor to target switches were analysed by treating RTs on the first trial in a streak 

as a function of the distance between the current target and the mean of the previous 

distractor distribution (T-PD). If a distractor distribution is inhibited during repetitions, RTs 

should increase when a target falls within that distribution on a new streak (Figure 10).  

Figure 10. Response times as a function of the distance between targets and previous distractors 

mean. Shaded areas show 95% confidence intervals based on local regression fit. Blue line represents 

Gaussian distractor distribution and red represents the uniform distractor distribution 
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5 Discussion 

Observers did not seem to be learn the shape of the distractor distributions even though their 

accuracy is very high. As expected, the accuracy for the Gaussian distractor distribution was 

higher than for the Uniform distractor distribution. The observers do not show a lot of 

improvement. But their accuracy is considerably high to begin with, that’s because we have a 

repetition effect in visual search. If we present the same target and distractor the observer will 

get faster. Therefore, we can say that there are signs that the observers are learning even 

though they do not appear learn the distribution shapes. Figure 9 shows that role reversals 

have a strong effect as RTs gradually increase with the decrease of T-PD distance. Our study 

demonstrates that colour could be interfering with the ability to encode the shape information. 

It erases the pop-out effect and this may limit encoding. On the other hand, Cheverikov et. al. 

(2016) have established that observers can encode shape information on exactly the same 

stimuli but without the colour element. 

This experiment was carried out to assess whether a secondary feature like colour 

might interfere orientation learning. This paper involves a partial replication of Chetverikov’s 

et al. (2016) experiment on orientation learning except the lines had various colours. 

Hansmann- Roth et al. (2018) has already shown in her study that colour does have an effect 

on encoding when the stimuli where defined by two distinct features (colour and orientation). 

Their experiment consisted of 3 or 4 learning trials only, just the in Chetverikov’s et al. 

(2016) experiment. 3-4 learning trials were sufficient to have an internal representation of the 

distractor distribution. However, with two distinct features observers did not learn the shape 

anymore. We speculated that either, observers might need more learning trials or that shape 

learning is not possible with multiple features. Additionally, in Hansmann-Roth et. Al (2018) 

observers never knew whether they were looking for a uniquely coloured target or 

orientation. The task was constantly switching between orientation and colour, which might 

have resulted in a more difficult task. To overcome the difficulties, we revised the previous 

experiment in this thesis and increased the learning streaks to 6 or 7 trials and used only trials 

in which orientation was the relevant feature. Lines were still coloured to investigate the role 

of this task- irrelevant feature on distribution learning. Even so it did not work as expected. 

The results show that our shapes do not replicate a Gaussian and Uniform shape. To represent 

the shape of the distribution the blue and the red line should be different from each other 

representing the shape of the distractor distribution curve. Even though the observers did not 

have an internal representation of the distractor distribution shape they do seem to get faster 
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as the distance between target and the previous distractor mean increase. This obviously hints 

towards an internal representation of the mean and variance of the distractor distribution. The 

oriented lines in the experiment by Chetverikov et al. (2016) and in our experiment, do look 

relatively different. Our data is noisier and distribution learning is impaired (Figure 11b). 

Colour seems to affect the precision of the internal representation and increase the difficultty 

of the task, as the degree to which summary statistics are learned might not be the same as in 

Chetverikov et al. (2016) (Figure 11a). 

 

Figure 11. Search times as a function of the distance between the current target and the mean of the 

previous prime distractor distribution (CT-PD). Shaded areas show 95% confidence intervals based on 

local regression fit. Prediction of the RT function plotted against the distance between the target and 

the distractor distribution during learning (CTPD) if distribution shape is encoded (lower). A) Results 

from Chetverikov et al. (2016). B) Results from this paper. 

 

With increased difficulty in visual search the depth of summary statistics the 

observers learn decreases. The observers can learn the mean and variance of the distractor 

distribution but might not learn the shape, because the difficulty of the visual task (Haberman 

and Whitney, 2012). The reason for this difficulty could stem from absence of pop out 

effects. The colours might be reducing the pop out effect and it might require the observer to 

pay attention to the individual items. Having to check every stimulus to look for the target 

leads to focused search or a serial task (Treisman & Gelade 1980).  Pop out effects make the 

target very easy to spot resulting in faster response times. That is because the observer can 
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use global search which makes the objective a parallel task (Treisman & Gelade 1980). 

Without this effect the reaction times become considerably slower. (Maljkovic & Nakayama, 

1994). The task in Chetverikov et.al. (2016) is a parallel task but the task in this thesis 

because of its difficulty has become a serial task which explains the slower reaction times. 

Evidence of this is easy to find when examples of the distractor distributions from this thesis 

and the stimuli from the experiment by Chetverikov et al. (2016) are put side by side (Figure 

12a). In figure 12a the oddly orientated target is easy to recognise although the luminance of 

all colored lines were identical compared to figure 12b 

 

 

 
 
Figure 12. A) an example of an orientation distribution from Chetverikov et al. (2016) experiment B) 

an example of an orientation distribution from this paper. 
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