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Recent studies have revealed the importance of measuring people’s ability to encode the visual 

field into highly informative distributions of features, rather than solely relying on independent 

summary values to explain perception. These studies have mainly focused on our ability to learn 

and use the feature distributions of distractors to guide our vision. Straying from this path, 

Kristjánsson, Driver and Hansmann-Roth (2019) found a weak effect for learning the probability 

distribution for target features. The aim of the current study was to strengthen this effect by 

using the same paradigm, apart from colour blocking the target probability distributions intended 

to make the colours more distinct and the added inverted Gaussian distribution meant to provide 

further support for the target probability learning. 35 undergraduates in the University of Iceland 

took part in the experiment. Their task was to indicate the location of the diamond with the most 

dissimilar colour out of three. There was a total of three sessions, each defined by a different 

probability distribution for the target colours: Uniform, Gaussian and inverted Gaussian. The 

results gave partial support for our ability to learning the probability of targets by displaying a 

greater difference between the Gaussian- and uniform distributions than in previous results. The 

observers were, however, unable to fully learn the inverted Gaussian distribution possibly due 

to its bimodal qualities.  
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Visual search and priming effect Introduction 

In our everyday lives we need to search for objects within our environment, whether it is our 

keys, the right bus to take to town or a friend in a crowded mall. When we are looking for a 

required object (e.g. green pen) among irrelevant objects (e.g. different coloured pens) we are 

performing what is called visual search, where there is normally a single target that has one or 

more different features than the distractors (e.g. Verghese, 2001). Performance in visual search 

is usually measured in terms of time that it takes to find the target which will be referred to as 

response time and search time interchangeably throughout the current essay. Performance can 

also be assessed by measuring response accuracy and through observers ‘eye movements during 

the search (Becker, 2010). Visual search is referred to as serial when items in a display are 

processed one by one and parallel when item features are processed simultaneously. In parallel 

search, item quantity within the display does not influence response time, whereas response time 

is thought to slow down with increasing number of items on display in serial search (Treisman 

& Gelade, 1980; Sagi & Julesz, 1985).  

 In the case of parallel search, the target pops out when the target and distractors are 

distinct enough. Maljkovic and Nakayama (1994) tested the effects of repeated features that 

catch our attention, termed pop-out priming, by using Bravo and Nakayamas (1992) research 

approach which entailed asking subjects to find a different coloured diamond among two 

distractors and indicate whether the left or right corner of the diamond was missing. Their results 

demonstrated that the reason why we find the target faster with repetition (Bravo and Nakayama, 

1992) is not due to our acquired knowledge about the target feature or voluntary control (i.e. 

top-down processes) but rather because of our short-term implicit memory (Maljkovic & 

Nakayama, 2000); the memory of a previous target “primes“ the following presentations of the 

same target, resulting in more efficient processing and quicker response time. This induced state 

where certain associations in memory have been activated is called priming and can also be 

understood as an experimental procedure where stimuli are presented in order to sensitise 

participants to the presentation of the same or similar stimuli (Kristjánsson & Campana, 2010). 

Kristjánsson, Wang and Nakayama (2002) came to the same conclusion that knowing the target 

features does not facilitate search for the simultaneous priming of two features called 

conjunction priming. Maljkovic and Nakayama (1994) furthermore, discovered that with every 

repetition the response time decreases, indicating that the priming effect is combined with every 

repetition and that the priming effect for a single presentation can last up to approximately 30 

seconds or five to eight trials but that it has a weaker impact with each trial.  

 It has been well established that priming effects occur after repeated presentation of 
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target features including colour (e.g. Maljkovik & Nakayama, 1994), size (e.g. Huang, 

Holcombe & Pashler, 2004), location (e.g. Maljkovik & Nakayama, 1996) and spatial frequency 

(Kristjánsson, 2006) to name a few. Interestingly, the distractor features can also result in 

priming effects whether the target is absent or not and these two priming effects for the target 

and distractors can influence one another resulting in negative priming effects that are measured 

with a “role-reversal” where previously learnt distractor features are set to define the target, and 

vice versa, which will result in a slower response (Tipper, 1985; Kristjánsson & Driver, 2008). 

Priming can manifest in a combination of target features called conjunction priming, where the 

target has a unique combination of features (Kristjánsson, et al., 2002) and can be applicable to 

whole objects depending on the circumstances (Kristjánsson, Ingvarsdóttir & Teitsdóttir, 2008). 

However, whether two features on a different dimension can simultaneously prime, depends on 

whether we attend to the feature or not, where priming will only occur for the feature dimension 

we are attending to (Kristjánsson, 2006). Kristjánsson (2006) found that the priming of colour 

is minimally effected by and does not interact with spatial frequency and orientation, however, 

that the priming of spatial frequency and orientation interacted, which was in turn reliant on 

orientation and spatial frequency to be either both relevant to the task and attended to or that 

both types of features were irrelevant to the task and constant.  

 There are various explanations to what lies behind the process of visual search and 

priming. We will start by explaining theories that rely on attention and split the visual system 

into a preceding bottom-up process and a following top-down process and will then move onto 

theories relating to memory. Ending with a signal detection account for visual search.  

 According to the feature-integration theory of Treisman and Gelade (1980), there are two 

stages to visual processing: The first stage is referred to as pre-attentive because it does not rely 

on attention. It is thought to consist of feature maps such as colour, motion, and orientation, 

which we automatically and simultaneously perceive across the display early in our visual 

system. The second stage is dependent on our attention where we must guide our focal attention 

serially to the location of objects and combine different features to form the object. The second 

stage of visual processing is thought to allocate our ability to search for a target with a unique 

combination of features, called conjunction search, by combining two or more features that 

identify the target. They explained the difference between these two mechanisms by defining 

our attention in terms of a spotlight (Eriksen & Hoffman, 1972) where we can widen our 

attention so that it captures all the features in a certain category within our visual space (parallel 

search) or we can narrow our attention to focus on and combine features in a condensed area to 

form an object (serial search). In accordance with this theory, Sagi and Julesz (1985) suggested 
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that we can detect features or determine the location of stimuli within a display by using parallel 

processing and to identify and discriminate between the items, and thus finding out what they 

are, by using serial processing which requires focal attention.  

 Alternatively, attentional engagement theory (Duncan & Humphreys, 1989; Duncan & 

Humphreys, 1992) describes how focal attention is controlled: First features within the display 

are processed in parallel, where features are ordered into “structural units“ (Palmer, 1977) 

described by its location, motion, colour, texture, size, shape and in some cases non-visual 

factors (e.g. meaning) from our memory, where features are ordered according to their similarity 

and proximity to one another and distinguished from other items that cannot form a gestalt 

grouping and thus show discontinuities. This parallel organization is hierarchical, meaning that 

items can be grouped across the display through the relation between the parts and common 

factors but also within each group as an independent group. We are thereby able to categorise 

fruits into tropical fruit, citrus and berries but also the fruit within each general category so that 

we see a group of berries and within that berry group we see strawberries, blackberries and 

blueberries. This first stage is entirely parallel, unconscious, does not require any mental 

resources (e.g. attention) and does not have any direct control over our behaviour. In order to be 

able to guide our attention, structural items need to be selected into the visual short-term 

memory, which is capacity limited and will automatically deny entry to the items that are not 

selected. The chosen structural items are then used to help guide our attention and behaviour. 

What is selected is determined by the loss or gain of the features weight according to how well 

they match the attentional template, which is a collection of features within the working memory 

that characterise the target (Geng, DiQuattro & Helm, 2017) and supposedly help us narrow our 

attention (Yu, & Geng, 2019) and facilitates visual search by exaggerating the target signal and 

decreasing the noise from the distractors by including features that are opposite to the features 

of the distractors and more similar to that of the target (Geng, et al., 2017).  

 It has also been suggested (Becker, 2010) that we guide our attention in visual search 

based on how different the target features are from the distractors, where items on display that 

are for example greener than their surroundings will have a greater effect on our attention. These 

relational features of the target can be primed so that attention will initially be guided to the 

items that have the same relational properties as the target in the previous trial. These 

relationships between target and distractors are thought to be preserved within a “continuous 

feature space” where different feature dimensions like colour, orientation and size are encoded 

into a separate feature space based on their location within the display. Similarly, selection is 

also determined by how strongly the features are linked together through a “weight linkage“ 
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where any change in one feature would have an effect on the weight of the other linked features. 

We thus tend to select or reject items that are linked together. This relational feature theory 

implies that the difficulty of visual search is dependent upon whether the target is easily selected 

into the visual short-term memory and whether the distractors are harder to select, leading to a 

large difference between target and distractors selection weight or a pop-out effect and expects 

increased number of distractors only to have an effect on observers if they compete for attention 

(Becker, 2010).  

 Huang, Holcombe and Pashler (2004; see Kristjánsson & Campana (2010) for a reveiw) 

suggested the episodic retrieval theory for priming based on their results that priming occurred 

for irrelevant features which they interpreted as the whole object might be primed instead of 

individual features, denying the feature-integration theory (Treisman & Gelade, 1980). 

According to the episodic retrieval theory, every trial leaves a memory footprint that either 

facilitates or inhibits response depending on whether all the features of the target are in 

correspondence with previous presentations. The memory trace supposedly contains the features 

of a previous target, the strategy used to find it and the response that we made. The comparison 

of the current target and previous target occurs in a later stage of the processing after the target 

has been found seemingly replacing the role of attention in later stages of the feature-integration 

theory. Sigurðardóttir, Kristjánsson and Driver (2008) gave evidence against the episodic 

retrieval theory, since their research revealed that the target search was not influenced by an 

acuity task, which may indicate that priming occurs in the early stages of visual search when we 

are finding the target and is not necessarily affected by later processes in accordance with 

Kristjánsson et al. (2002) suggestion that performance in visual search tasks might be better 

explained by priming through successive repetition instead of top-down processes. Furthermore, 

simultaneous priming was found for some feature dimensions of an object but not all 

(Kristjánsson, 2006)  

 Verghese (2001) proposed a different account for visual search that is based on signal 

detection theory. It assumes that visual search is entirely parallel and is followed by a decision 

rule, where people perceive their environment by monitoring the output of a „matched filter“ 

which is a detector located in a corresponding location to the target, that has a receptive field 

equal to the target size and has a preference for target features that are relevant to the task at 

hand and are used to detect and discriminate the target from distractors. Repeated presentations 

of a given stimulus generate responses that vary around a mean value, due to noise within the 

visual system. The decision about whether a stimulus is a target or a distractor is based on which 

stimuli produces a greater response for a particular matched filter for the target, where the mean 
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firing rate of the target (µ𝑡) is compared with the mean firing rate of the distractors (µ𝑑) 

depending on their common variance: (µ𝑡 − µ𝑑)/𝛼. In the case of pop-out targets where there 

is a large difference between the target and distractors and small variance, the target will usually 

generate the largest response, making the search easy. In the cases where the difference is 

smaller and the variance is larger, the target will not always generate the largest response 

resulting in a wrong answer.  

 These theories are only the tip of the iceberg meant to demonstrate the diversity of 

theories in visual search. In their review article, Kristjánsson and Campana (2010) furthermore, 

suggested that no single theory could explain priming in visual search completely given how 

complex our visual system is. That these theories work together on explaining the process behind 

visual perception and depend on task circumstances, such as whether stimuli are processed in 

isolation or as sets of ensembles from the same distribution (e.g. Meinecke and Donk, 2002; 

Sagi and Julesz, 1987) 

 

Ensemble statistics and Feature distribution learning 

 Having talked about how we are able to find and discriminate relevant objects from 

irrelevant ones in a display; how are we able to perceive our environment seemingly effortlessly 

as an integrated whole consisting of multiple items, even though research has revealed the 

limited capacity of our attention and working memory (see Luck & Vogel, 2014 for a review)?  

 To answer this question, it has been suggested that humans are able to perceive more 

items than previously suspected in light of research that revealed that we can perceive up to 24 

items when the display is highly structured (Cowan, 2001), reflecting stability in the real world. 

It has also been suggested that items that we attend to and fall on the fovea have higher resolution 

and that the rest of the stimuli within our environment that we are unable to attend to and store 

in our working memory are represented as ensemble statistics (Rosenholtz, 2011; see Cohen, 

Dennett and Kanwisher, 2016 for a review). Ensemble statistics are any representations used to 

describe a collection of measurements such as the mean and variance of multiple stimuli which 

exist within the study of summary statistical perception, under the underlying assumption that 

our visual system represents a set of similar items by emphasising their overall appearance 

instead of their individual features (Whitney, Haberman & Sweeny, 2013). Furthermore, 

ensemble statistics allow us to perform statistical inferences (see Alvarez, 2011 for a review) 

which includes estimating the parameter estimates of feature distributions such as the mean and 

variance and thus enables us to organize the stimuli into groups. Information about the mean 

and variance is however not sufficient to describe the distribution of items within our 
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environment. This lead researchers to study our imperfect internal representation of feature 

distributions, which cannot perfectly resemble the true distribution of features as they appear in 

reality, supported by results which have revealed that there are similarities between natural 

statistics and people’s expectations, but that they are not identical due to perceptual biases 

(Girshick, Landy & Simoncelli, 2011). The precision of distribution encoding is likely affected 

by the number of feature repetitions, attention, task relevance and existing prior expectations of 

how the distribution will look like. Chetverikov, Campana and Kristjánsson (2017b) tested for 

the effects of prior expectations on learning new distractor distribution by varying the amount 

of repetition, where short streaks should reveal any previous expectations. They found that prior 

assumptions did not appear to influence observers’ responses and even if they did, the effect 

would have diminished rapidly within two trials (each containing 35 distractors) for both 

Gaussian and uniform distributions.  

 Chetverikov, Campana and Kristjánsson (2016) demonstrated that people can encode 

summary statistics for a repeatedly presented set of stimuli, by encoding the probability 

distribution for their occurrence, commonly referred to as feature distributions or probability 

distribution functions, which is a distribution containing information about the likelihood of 

each stimuli to appear (see Chetverikov, Campana, & Kristjánsson, 2017d; Chetverikov, 

Hansmann-Roth, Tanrikulu & Kristjánsson, 2019 for a review). Chetverikov et al. (2016) used 

the priming of pop-out effect to evaluate how we form an internal ensemble representation over 

time in a trial-by-trial repetition of a target in a singleton search task depending on the 

probability distribution of the distractors. They did so by switching the features of the target and 

distractors and plotted the response time as a function of the distance between the previous 

distractors and the current targets. Drawing on their results that observer’s response time was in 

accordance with the shape of previous distractor distributions, they concluded that people could 

form an internal representation corresponding to the shape of the distractor distribution. 

Similarly, Chetverikov, Campana and Kristjánsson (2017a) results indicated that our visual 

system can learn a representation of colour distributions within a multihued ensemble of 

distractors after three to four repetitions (the set size being 36) and that this effect is due to 

learning rather than priming effect. Since then our ability to learn the probability distributions 

through repetition has been well established for unimodal distributions like uniform and 

Gaussian distributions (Chetverikov, Campana & Kristjánsson, 2017b; Chetverikov, Campana 

& Kristjánsson, 2018) and more complicated, bimodal distributions (Chetverikov, et al., 2017b; 

Chetverikov, et al., 2018). However, forming a representation of a bimodal  distribution takes 

much longer than for a unimodal distribution, were observers have the tendency to form a 
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unimodal representation after two repetitions and only begin to form a bimodal representation 

after five to seven repetitions, where the set size was 36 (Chetverikov, et al., 2017b). This result 

indicates that observers initially expect a unimodal distribution.  

 Chetverikov et al. (2017c) demonstrated that both priming effects and learning the 

distribution shape strengthens as the set size increases, where evidence of a relatively precise 

internal presentation of the distribution only appears when approximately 36 stimuli are 

displayed. They furthermore suggested that priming effects and distribution learning might be 

controlled by the same learning mechanisms, although the precision between the learning may 

differ, in light of their results that the magnitude of priming positively interacted with the 

distribution learning so that when there was no priming, there was also no distribution learning.  

 Chetverikov, et al. (2018) proposed that we reject irrelevant information based on 

probabilistic templates that reflect the probabilities of the distribution of the stimuli and are 

stored within the working memory. In their experiment observers were supposed to find two 

targets among 34 distractors that were either similar to the distractors in a previously learnt 

bimodal distributions or different, where each prime streak was set to 6 -7 trials in accordance 

with Chetverikov, et al. (2017b) results. They found out that people internally represent bimodal 

distractor distributions rather than taking the average of the two poles or only represent the 

attended distribution. They furthermore suggested that we begin to evaluate the items 

probabilities early in our visual system, in order to determine what should be prioritized in 

perception. According to Hansmann-Roth, Chetverikov and Kristjánsson (2019) we are also able 

to learn the shape of the distribution in the presence of irrelevant feature distribution, however 

that such learning is limited and can be affected by the irrelevant feature distribution if the 

features dimensions are not separable, but integral meaning that we cannot process the feature 

distributions separately (Garner, 1978). They furthermore found out that the task relevant colour 

distribution inhibited observers from encoding information about the irrelevant orientation 

distribution because it slowed down the pop-out effect even though these dimensions were not 

considered to be integral. They suggested that the colour dimension might have had a stronger 

effect on observers’ response than the orientation dimension in their study which would have 

caused it to influence the pop-out effect of the orientation dimension.  

 So far, we have discussed how we are able to learn the distribution of distractors and use 

that information in processing our environment. This research has however, not shed light on 

our ability to learn target feature distributions. The problem here is that targets are usually 

presented one-by-one so the question remains whether we are able to learn the distribution shape 

when we only get one sample at a time from the same distribution of targets. The research of 
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Kristjánsson, Geng & Hansmann-Roth (2019) indicates that we might be able to represent 

colours based on the probability of their occurrence but the difference between response time 

for the Gaussian and uniform distributions was rather weak and only evident for the colours 

furthest away from the mean that had the lowest probability (see Figure 1). They did so by 

comparing the search time for a Gaussian probability distribution with the search time for a 

uniform probability distribution. As displayed in Figure 1, they plotted individuals search time 

minus their mean search time (to display increase and decrease in response time) against the 

distance between the current target and the current target mean. There we can see that the 

response time is approximately equal up to the point of 8JND where the response time slightly 

slows down which is most likely do to the fact that the target is more similar to the distractors, 

making the search harder. Response time slows down even further for the Gaussian distribution 

condition indicating that the probability of the target might be influencing the response beyond 

the target getting closer to the distractors.  

 

 

Figure 1. Normalized mean response time (response time minus the mean response time) 

plotted against the distance between the current target and the mean target for a uniform 

distribution and normal distribution also referred to as Gaussian distribution (retrieved from 

Kristjánsson, Geng & Hansmann-Roth, 2019). 

 

 The aim of the current study will be to strengthen the results of Kristjánsson et al. (2019) 

research. The method will be based on the original study, where the main difference will lie in 

that the current study will include target distributions with greater distance between each feature 

value using binned distributions. Neighbouring feature values in the original target distributions 

are 1 JND separated from each other. But due to sequential presentation, these small differences 
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might be grouped together during the block, reducing the effects of probabilities.  

 Moreover, the current experiment will contain a third distribution used to test whether 

we are truly able to learn target distributions. In this new distribution, the probability of the mean 

is the highest, the probability of the colours at the edges of the distribution are the next most 

probable and the colours between the mean and edge of the distribution will be the least 

probable. This distribution will be termed “inverted Gaussian distribution” for simplicity. A 

stronger effect is expected to appear since the colours will be more distinct. The uniform 

distribution will be expected to have a fairly stable response throughout the experiment until it 

reaches the colour furthest away from the mean, the Gaussian distribution is expected to separate 

itself sooner from the uniform distribution and the inverted Gaussian distribution is expected to 

have the slowest response in the middle of the graph, which then speeds up near the colour 

furthest away from the mean. If the visual system encodes the probabilities of the individual 

colours over time and the strength of priming is sensitive to the probabilities, then search times 

should follow the distributions.  

Method 

Subjects 

 Thirty-five undergraduates from the University of Iceland took part in the experiment. 

24 of them were women (69%) and 11 were men (31%). Their mean age was 24, spanning from 

21 to 31 years. All subjects were naïve to the purpose of the experiment and had normal-to-

corrected to normal vision. Thirty-one of the thirty-five students participated for class credit, 

while the remaining four were the author and other undergraduate volunteers. All subjects had 

normal colour vision assessed with Ishihara plates (Ishihara, 1918) and provided written, 

informed consent in agreement with the ethics committee from the University of Iceland and the 

Declaration of Helsinki. No monetary reward was provided for participating. However, a gift 

card to the university’s bookstore was given to the subject with the highest overall score as 

means to motivate the students to answer as accurately and fast as possible.  

Apparatus   

 A 24-inch calibrated LCD monitor (ASUS, VX2 48h) was used to display the stimuli, 

where the screen was colour-calibrated using a Cambridge Research Systems ColourCal M2 

photometer and the screen resolution was set to 1920 x 1080. The software’s Matlab (R2016a) 

and Psychtoolbox-3 (Brainard, 1997) were used to run the experiment on a Desktop PC with 

Windows 10.  



14  

 

Stimuli 

 The stimuli set size is three: one target and two distractors, all in the form of a 1.4° 

long coloured diamond with a cut-off corner that appeared on a matt grey background for 

300ms based on Sigurdardóttir et al. (2008) use of brief presentation times in priming research. 

The placement of each diamond was selected randomly between trials from a 6 x 6 invisible 

grid. Values for the colours were provided by Christoph Witzel (Witzel & Gegenfurtner, 2013, 

2015). The colours of the diamonds were drawn from a colour space of 48 isoluminant hues in 

DKL colour space, as shown in Figure 2 (Chetverikov et al., 2017a). This perceptually linear 

colour space has already been applied successfully in examining the learning of distractor 

distributions, so called Feature distribution learning (Chetverikov et al., 2017a; Hansmann-

Roth, Chetverikov and Kristjánsson, 2019). Adjacent hues were approximately separated by 1 

JND SD: 6 JND based on the colour of the target mean in the target distribution. The mean 

colours of the distractors were, however, drawn from the opposite side of the target colour 

space (target distribution + 24). The distractor distribution has the range of eight equally 

probable colours, that were chosen based on the mean distractor colour approximately 

separated by SD: 3 JND.  

 

 

Figure 2. The colour space taken from Chetverikov et al. (2017a), where each hue is separated 

by one average just-noticeable-difference (JND). The colours used in this experiment are based 

on these colours.  

 

 The mean of the target distribution was randomly selected at the start of each block out 

of six equidistant colours in the preselected colour space: 0, 8, 16, 24, 32 and 40 (see Figure 1 
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in Chetverikov et al., 2017a). The target distributions in the current study were as follows: A 

binned Gaussian distribution where the chance that a colour appeared decreased the further away 

the colour was from the mean that was selected at the beginning of each block, inverted Gaussian 

distribution where the probability of the mean colour was the highest and the colours furthest 

away from the mean were more likely to be chosen than the colours closer to the mean, and a 

binned uniform distribution where every colour had the same probability to appear. The range 

of each distribution was 25 colours but only 5 colours were probable targets (see Figure 3).  

 

Figure 3. The three target distributions used in the experiment: a) Binned Gaussian 

distribution, b) Binned uniform distribution and c) Inverted Gaussian distribution. The 

probability is shown on the y-axis and the set distance between the selected colours is shown 

on the x-axis.   

 

 The target uniform distribution served as a control to counter the additional effect that 

consequentially occurs from colours being closer to the distractors at the edge of the binned 

Gaussian and inverted Gaussian distribution are than the colours near the mean. Search times in 

the uniform distribution should not depend on the colour as they have the same probability to 

appear. That being said, any deviation from an equal search time will stem from the fact that the 

response rate is slower, the more similar the target colour is to the distractor distribution 

considering it will be harder to dissociate the target from the distractors (see quadric plots in 

Chetverikov et al., 2016, Figure 5). An example of how an inverted Gaussian target distribution 

would function is if the target mean for the next block would randomly be chosen as 8 then the 

target colours within the block (144 trials) would have a chance of containing the colours: 20, 

14, 8, 2 and 44 every trial within this block. 8 is the most probable, 20 and 44 second most 

probable and 14 and 2 least probable. The distractor distribution mean would be 32 (8+24), 

meaning that each distractor within a trial could contain the colours: 44, 41, 38, 35, 32, 29, 26 

and 23 found in the colour wheel (see Figure 2), where every colour mentioned has an equal 

chance of appearing.  



16  

Procedure 

 Observers searched for the oddly coloured target by pressing the arrow keys on the 

keyboard in correspondence to the missing corner as quickly and accurately as possible (As 

shown in Figure 4), where the next trial would commence immediately following the button 

press. Feedback was provided after a mistake, in which case the text; ERROR would appear in 

red for one second.  

 

Figure 4. Example the target and distractor stimuli as they were presented in the experiment. In 

this trial the target is orange and the distractors are pink 

 

 The experiment consisted of three separate experimental sessions conducted on different 

days that lasted each approximately 40 minutes, preceded by a short training period aimed to 

allow participants to familiarize themselves with the task. The researcher was in the same room 

as participants during the first training session to ensure that they understood the instructions 

and left the room in the following experimental session to avoid disrupting the participant. 

Individual sessions were divided into four blocks with three breaks, every break was indicated 

by a screen displaying information about completed and remaining blocks, alongside the total 

score. Each session consisted of 12 blocks, each block containing 144 trials, resulting in 1728 

trials in total. The number of trials determined was based on Chetverikov et al. (2017a) results, 

which indicated that for 36 stimuli displayed, observers need at least three to four repetitions in 

order to learn a distractor distribution (4x36=144).  

Each session had a different target distribution shape (see Figure 3). In order to minimise training 

effects, the order of sessions was counterbalanced. All parameters were based on previous 

research that used uniform and Gaussian distractor distributions representing search time 

relating to orientation and colour (Chetverikov et al., 2016, 2017a, 2017b, 2017c).  
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Data Analysis  

 The open source software R studio version 3.6.3 was used to analyse the data (RStudio 

Team, 2019). Because observers might respond slower after an error, the trials with incorrect 

responses and the following trial after the incorrect response were removed. The search times 

were log-transformed to fulfil the condition of normality for the statistical tests, where the 

response times were normalized by calculating each participant´s average response time within 

each session. Trials where subjects responded slower or faster than 3SD from their average 

response time were removed in case the participant pressed the same button twice by accident 

or responed much slower than their average response time. In case the subjects learn the 

probabilities over time, the effects of the probability of the first half of the block and the second 

half of the block were analysed and compared because the strength of the target probability on 

the search times might differ depending on whether it was at the beginning or end of the block. 

The appropriate use of repeated-measures ANOVA´s were verified by conducting a Mauchly 

test of sphericity and perform relevant Greenhouse-Geisser corrections for sphericity. Two-way 

repeated-measure ANOVA was used to assess the effects of the Gaussian-, inverted Gaussian- 

and uniform target distribution on response time by using a random effect model from the ez 

package (Lawrence, 2016) in R. The main analysis involved measuring search times and 

accuracy as a function of the distance between the target distribution mean and the current target 

colour.  

Results  

 The main goal of this study was to investigate whether subjects encode the probabilities 

of a different target colours over the course of a block. To achieve this, the difference in response 

time from the mean response was analysed for each distribution; Gaussian, inverted Gaussian 

and uniform, in relation to the distance between the colour of the currently displayed target and 

the mean target colour. If subjects do in fact encode the probability of a target, they should 

respond faster for highly probable feature values and slower for the less probable feature values 

where the uniform distribution served as a control condition. This control condition was 

necessary to rule out changes in reaction time as more distant target colours become more similar 

to the distractors. Hence, the control condition was used to prevent a third variable; an increase 

in reaction time that cannot be attributed to the change in probability. Furthermore, search time 

was compared between the first half and second half of the block to see whether subjects learn 

probabilities over time which may in turn affect the strength of the target probability effect. 
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 In Figure 5 we can see that response time for the first and second half of the block are 

similar, but that observers tend to respond slightly faster during the Gaussian distribution and 

equally slowly during the uniform- and inverted Gaussian distribution. The 95% confidence 

intervals are fairly wide indicating that there is high variability in the location of the true 

response time.  

 

Figure 5. Response time measured in milliseconds for each type of target distribution, plotted 

against the block half that the target belonged to. The error bars correspond to 95% confidence 

intervals.  

 In accordance with these results (see Figure 5), a two-way (target distribution x half of 

the block) repeated-measures analysis of variance (ANOVA) revealed that the block half in 

which the target appeared had no significant effect on observers’ response time, F(1,29) = 0.00, 

p = 0.98, η𝐺
2  = 0.03. The ANOVA analysis confirmed what was indicated by the overlapping 

confidence intervals in Figure 5; that there was no significant difference in response time 

depending on whether the target followed a Gaussian, uniform or inverted Gaussian distribution 

(M = 653ms, SD = 163ms versus, M = 683ms, SD = 196ms and M = 680ms, SD = 209ms, 

respectively), F(2,58) = 0.94, p = 0.13, η𝐺
2  = 0.03. There was furthermore, no interaction effect 

between which block half the target belonged to and the distribution type it followed on peoples’ 

response time, F(2,58) = 1.16, p = 0.32, η𝐺
2  = 0.00. 

Similarly, Figure 6 shows that whether the target appears in the first or second block half has 

little effect on observer’s accuracy and that observers are on average more accurate during the 

Gaussian distribution and similarly inaccurate during the uniform and inverted Gaussian 

distribution. Note however, that the 95% confidence intervals are still rather wide, but that the 
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interval for the Gaussian distribution does not seem to overlap with the intervals for the other 

two distributions.  

 

Figure 6. Response accuracy in percentage of correct answers for the three target distributions 

which have been separated according to the first half of the block and second half of the block, 

representing 72 trials each. The error bars correspond to 95% confidence intervals. 

 A two-way (target distribution x half of the block) ANOVA supported the findings 

shown in Figure 6, revealing that block half had no significant effect on observers accuracy, 

F(1, 29) = 3.68, p = 0.06, η𝐺
2  < 0.01, that there was however a main effect for the distribution 

type on observers accuracy, F(2, 58) = 5.97, p < 0.001, η𝐺
2  = 0,07, but no interaction between 

the distribution type and block half, F(4, 116) = 0.78, p = 0.13, η𝐺
2< 0.001 

 The main question of whether response time increases or decreases depending on the 

current target distance from the mean colour in every block remained to be answered. Because 

the deviation in response time for colours that have low probability is of main interest in this 

study for the Gaussian, inverted Gaussian and uniform target distributions, the deviation in 

response time is plotted against each distance between the current colour of the target and the 

target colour mean for each block (see Figure 7). Here, positive values for the leftover response 

time stand for the distances where the participants responded slower than their average search 

time and negative values correspond to distances where participants responded faster than their 

average response time.  

 As we can see in Figure 7, the results did not fully reflect the relationship of the target 

distribution and distance we would expect if the difference in response time would solely be 
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determined by the probability distributions. If this would be the case, the uniform distribution 

would be expected to result in a stable response time since every colour has equal probability 

and should therefore not depend on its distance from the mean. However, as we can see in Figure 

7, the response time in the uniform condition stays constant until the difference between the 

target colour and mean target colour reaches 6JND. This increase in response time could be 

attributed to the fact that the more dissimilar the target colours are from the target distribution 

mean, the closer they are to the distractors which are drawn from the opposite side of the colour 

space. For the Gaussian distribution the same pattern of response that occurred in this study 

would be expected; a semi linear increase in response time as the target colour gets further away 

from its mean. The difference in RT between the Gaussian and the uniform distribution is 

appears in the form of the difference in probability for the different colours, showing that search 

times vary with the probability of the colors. For the inverse Gaussian distribution we assumed 

the following pattern: That the observers would respond equally quickly as they did in the 

Gaussian distribution when the target colour corresponds to the mean, and that they would 

become slower around 6JND after which their response would again become quicker around 

12JND. Instead, the inverted distribution had a linear increase in reaction time.  

 

Figure 7. Observers response time minus the average response time per session are plotted on 

the y-axis. Negative values mean that they responded quicker than usual and positive values 

mean that they responded slower than usual. Distance of the current target colour from the target 

colour mean during each block is displayed on the x-axis. Error bars correspond to 95% 

confidence intervals.  

 A two-way (distance x target distribution) repeated-measures ANOVA did reveal a main 

effect for the distribution type, F(2,58) = 0.93, p < 0.001, η𝐺
2  = 0.22 and the distance between 
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the current target colour and the target colour mean, F(2, 58) = 0.67, p < 0.001, η𝐺
2  = 0.77 on 

observers response time relative to their mean response time. There was, furthermore, an 

interaction effect between these two factors, F(4, 116) = 0.81, p < 0.001,  η𝐺
2  = 0.08.  

 Observers responded in addition, more accurately, the closer the target was to the mean 

colour (see Figure 8), leading to a rapid drop in accuracy after 6JND. They tended to answer 

slightly better during the Gaussian distribution and surprisingly, responded equally well during 

the uniform and inverted Gaussian distributions, apart from the slightly better performance for 

the inverted Gaussian condition at 6JND. The 95% confidence intervals are fairly wide 

indicating high variability in the possible location for the true response accuracy.      

 

Figure 8. Accuracy in percent correct for each distribution type against the distance of just 

noticeable difference (JND) between the current target colour and the mean target colour. Error 

bars correspond to 95% confidence intervals.  

 A two-way (distance x target distribution) repeated-measures ANOVA revealed that 

the distance between the colour of the current target and the chosen colour for the mean within 

each block influenced the observer’s accuracy, F(2,58) = 0.80, p < 0.001, η𝐺
2  = 0.13. However, 

there was not a significant effect for the distribution type on subjects accuracy, F(2, 58) = 

1.99, p = 0.15, η𝐺
2  = 0.03 nor an interaction effect between these two variables, F(4, 116) = 

0.78, p = 0.13, η𝐺
2< 0.001. Their accuracy is mostly constant until the colour difference reaches 

approximately 6JND, where the accuracy rapidly drops with increasing colour difference. This 

indicates error rates increase as the target colors are more distant from the distribution mean. 

However, this effect cannot be attributed to the change in probability, but the decreasing 

distance to the distractors. 
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Discussion 

 The main goal of the current study was to assess the visual system’s ability to temporally 

integrate probabilistic information of targets in a visual search paradigm. Based on previous 

findings we speculated that the strength of priming is modulated by the frequency of the target 

colours. Previous findings have shown that we are able to learn distractor feature distributions 

which we then use to guide our attention and facilitate visual search (Chetverikov, 2016, 2017a, 

2017b, 2017c, 2018; Hannsmann-Roth et al. 2019). It has furthermore been indicated that we 

are able to learn a target feature distribution (Kristjánsson et al., 2019). This effect was however, 

thought to be too weak to provide a sound conclusion. The main purpose of the current study 

was therefore to strengthen this conclusion by binning the colours in the distributions used by 

Kristjánsson et al. (2019), making them more distinct and adding another target distribution 

(inverted Gaussian distribution), intended to provide a clearer demonstration of target 

probability distribution learning. We expected an apparent difference in response time between 

the distributions depending on the probabilities of the individual colours in the distributions.  

The results did not fully reflect the relationship we expected. By blocking the colours we were 

able to demonstrate a more refined relationship between the Gaussian- and uniform distribution 

than previous research on target feature distribution learning has suggested (Kristjánsson et al., 

2019), where the Gaussian-distribution distinguished itself from the uniform distribution much 

sooner, supporting the explanation that we are able to learn the probabilities of feature 

distributions with intertrial priming of target colours beyond the effect of the target getting closer 

to the distractors. However, the so called “inverted Gaussian distribution” did not display the 

effect that we expected and resembled the uniform distribution more closely than expected. Here 

the inverted Gaussian distribution leads to nearly identical response pattern as the uniform 

distribution, preventing us from assuming that probability had a definite effect on observers’ 

accuracy beyond the effect of the target getting closer to the colours of the distractors. This 

might be due to the fact that the inverted Gaussian distribution resembles similarities with a 

bimodal distribution and thus requires more samples than the unimodal Gaussian- and uniform 

distributions in order to form the internal representation. Previous work by Chetverikov et al. 

(2017b) suggested that it would take five to seven repetitions to learn the probability distribution 

of 35 distractors, equal to 175 – 245 trials when presented one by one. Each block out of 12 in 
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the current study contained 144 trials resulting in 1728 trials across all blocks, in accordance 

with the observations by Chetverikov et al. (2017a) that it can take three to four trials to learn 

the distribution of 35 distractors for uniform or Gaussian distributions. 144 trials is little below 

the limit set by Chetverikov (2017b) it might therefore be beneficial for future studies to expand 

the length of the individual blocks to investigate the encodings of a bimodal distribution. Keep 

in mind that this might not necessarily lead to observers learning the inverted Gaussian 

distributions since each stimulus is presented one by one whereas the distractors are presented 

in sets of 35 in Chetverikov et al. (2017b) study.   

 Priming refers to the decrease in search times with repeated targets (Maljkovic and 

Nakayama 1994, 1996). The general reoccurrence of a target value over time appears to matter 

as much as the frequency of these reoccurrences, where frequent colours result in stronger 

priming and therefore faster searches than less frequent colours. While distractors are ignored 

items in a visual search task, targets are actively attended to in order to be found. 

 Interestingly the different probabilities for the target colours did not have the same effect 

on observer’s accuracy and response time: Probabilities of colours appear to only affect priming 

but not accuracy in indicating the position of the cut-off. Less frequent colours might thus be 

harder to find, but they do not increase error rates. 

 Chetverikov et al. (2017c) claimed that encoding the distractor distribution requires a 

minimum set size of around 35 distractors. Stimulus sets with lower distractor numbers resulted 

in the encoding of mean and variance but not the distribution shape. The authors concluded that 

the visual system needs a minimum number of exemplars per trial to encode individual feature 

values into a distribution. Interestingly our results show, that these claims are only true for 

ignored items, that the attended items can also be encoded into a distribution by providing the 

visual system with single exemplars over many consecutive trials instead.  

 The study of our ability to learn probability distributions and how they can be used to 

perceive the world has in recent years gained a lot more attention. Previously, researchers were 

mostly interested in studying the perception of single features or objects. Kristjánsson et al. 

(2019) were the first to study the learning of probability distributions for target, followed by the 

current study. The current essay is thus a small but important steppingstone in our understanding 

of visual perception which will continue to develop as we acquire more information about the 

mechanisms behind our perception.  
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