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Where Similarity Beats Redundancy


Appendix A: An Ideal Observer Analysis of Inter-Stimuli Similarity
Purpose of the Analysis

In this paper we propose that similarity between the displayed stimulus and other, non-displayed, stimuli in the experimental set (together with response assignment) determines response latencies, and consequently, the order of RTs on redundant-, single-, and no-target conditions. Certain stimuli differ from others by their topological properties, making topological similarity a sufficient account for the observed results (in Experiment 1: faster RTs on single-target trials compared to redundant-target trials).
Items in the stimulus set may differ from each other by more than just topological properties. Here we show that at least one other type of stimulus similarity -- namely, pixel-by-pixel overlap (cross correlation) -- fails to predict the observed order of RTs, and is therefore ruled out and cannot serve as a potential account.
What Is an “Ideal Observer”?
To test pixel-by-pixel similarity between the stimuli used in Experiment 1, we have conducted an ideal observer analysis. Ideal observer is a theoretical device that performs a given task in an optimal fashion, given the available information and some specified constraints (see Geisler, 2003, for an enlightening review). In practice, the ideal observer is presented with a noisy stimulus (say, the redundant-target stimulus in Figure 3A-a), and has to decide to which of the four stored templates does the image match best.

Performance is maximized on average by computing the probability of each template given the stimulus, which can be calculated using Bayes’ formula, and then choosing the most probable template. With the addition of a static Gaussian noise and under some assumptions, which hold for our design, maximizing this expression (often referred to as posterior probability) is equivalent to minimizing the Euclidean distance and to maximizing the cross correlation (pixel-by-pixel multiplication) between the presented stimulus and each stored template (e.g., Tjan, Braje, Legge, & Kersten, 1995; Townsend & Landon, 1983).

Current Analysis
Procedure
 To rate the degree of pixel-by-pixel similarity among stimuli in Experiment 1, we presented a Bayesian ideal observer with a noisy image of one of the four stimuli and asked it to choose its best match from the stimulus set by maximizing the cross correlation. We repeated this procedure many times (1,000) and across various levels of noise: on each trial we resampled noise from a normal distribution with mean 0 and variance 5, 6, 7,…10 (those values were chosen to avoid floor and ceiling effects. With lower values, thus less noise, the ideal observer always picks the same stimulus to be its own best match. With higher values, that produce more noise, it simply guesses). We also introduced the ideal observer with spatial uncertainty, to match the task given to the human participants. For each noise sample we gradually shifted one noisy stimulus over each of the to-be-compared images across all x and y coordinates; given that the stimulus frame was a 100X100 matrix this amounted to 10,000 comparisons for each of the 1,000 trials, or a total of 10 million repetitions per each level of noise. 
Results
When presented with the noisy redundant-target stimulus (Figure 3A-a) the ideal observer chose that same stimulus as the best match 68.88% of the times. It chose single target 1 (Figure 3A-b), single target 2 (3A-c), and no-target (3A-d) as best matches 17.68%, 9.31%, and 4.11% of the times, respectively. Thus, the ideal observer ranked the redundant-target stimulus as being most similar to itself, then to single target 1, then to single target 2, and as least similar to the no-target stimulus. When presented with noisy single target 1 it ranked the stimulus as being most similar to itself (68.6%), then to the redundant target (18.4%) and no target (8.8%) conditions, and as least similar to single target 2 (4.2%).
Conclusions
Participants in Experiment 1 did not exhibit RTE. Responses on redundant-target trials were slower, on average, than on single-target trials, presumably since the redundant- and no-target stimuli were topologically similar to each other (and quite different from the two single-target stimuli) yet called for different responses. To respond accurately discrimination between the two closed figures had to be made, causing in turn slower responses. In terms of cross correlation, the redundant- and the no-target stimuli are the least similar; hence, discrimination should be easy and not take toll on RTs. Furthermore, additional analysis showed that each of the single-target stimuli was the least similar to the other single-target stimulus, and more similar (thus more confusable) to either the no- or redundant-target stimulus. So, in contrast to the observed data, the prediction of an ideal observer should be relatively slow RTs on single-target trials. Consequently, a pixel-by-pixel (non-topological) similarity cannot explain why participants would respond faster, on average, on single- target trials compared to redundant-target trials. 
Appendix B: Testing the Effect of Salience Manipulation on C(t)

Manipulating the saliency of the features changed the stimulus set. Each factorial condition (redundant-, single 1, single 2, and no-target) was sub-divided into four new factorial combinations (HH, HL, LH and LL). Thus, stimuli could have been black, half black and half gray (and vice versa), or totally gray. Acknowledging the effect of other items in the stimulus set (formerly defined as non-displayed context) on processing, we tested whether the same set of geometrical shapes – but with no manipulation of saliency – would yield the same results. In Experiment 2b, 23 naïve undergraduate students performed in the same task, with shapes identical to those used in Experiment 2 (Figure 3B), except that the stimuli were at the HH level only (i.e., both features, line and angle, were black). The capacity coefficients pooled across 20 participants (excluding those with high error rate) are plotted on the left panel of Figure B1. Most, though not all, values lie between 0.5 and 1, so the overall pattern is much like in Experiment 2. A portion of the values lies lower, between 0.35 and 0.5, but not as low as the values observed in Experiment 1. Adding the saliency manipulation likely affects performance, but not to a great extent. 

In addition to Experiment 2b, which probed capacity for a stimulus set comprised of only HH stimuli (where both features are highly salient), we conducted a separate capacity analysis on the HH trials of Experiment 2. Unlike Experiment 2b, the HH stimuli were part of a larger set that also included HL, LH, and LL stimuli. The results of this analysis are presented on the right panel of Figure B1 and are a bit difficult to interpret due to the large variability. The capacity coefficient consistently spreads over a wide range of values, from about 0.15 to 1.5, presumably due to the relatively small number of observations per cell. A possible future research may employ multi-session experiments, where participants perform in enough trials to allow reliable estimates of CDFs and survivor function for each condition at each saliency level.
[image: image1.png]Exp. 2b (only HH stimuli): Capacity coefficient, C(t)

e, oryoanss;
g .,,,.xx..

il §§§§s§

400 500 600 700 800 900 1000
RT (ms)

- i




[image: image2.png]Exp. 2 (HH trials): Capacity coefficient, C(t)

Dt end
600 700 800 500 1000

RT (ms)

500

25

05





Figure B1. Capacity coefficient plots of the additional analysis of Experiment 2 and 2b. The left panel displays C(t) values estimated from an auxiliary experiments with new participants (Experiment 2b), where the stimulus set was comprised only from HH items. The right panel depicts C(t) results from additional analysis performed on the original data of Experiment 2. C(t) estimates were restricted to HH condition only. These analyses are reported in Appendix B of the Supplementary Materials section.
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