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Supplementary Text

Limits of peripheral vision and stimuli selection considerations.
Related to the constraints imposed by peripheral pooling1-4, in the current study we used surface textures that we believed peripheral vision would be able to differentiate. The results from the texture-search experiment (Experiment 1B) demonstrated that peripheral vision was indeed able to discriminate them. Figure S1 shows the RT by set size function for each target-distractor pairing when searching for texture (all shapes being equal). The functions were logarithmic, indicating that items were processed in parallel, with unlimited capacity 5,6. As a comparison, Figure S1 (left) shows the RT by set size function obtained in Experiment 1A for the shape-only search task. We can conclude that the type of surface texture we used can be processed in parallel by peripheral vision.
[image: ]
Figure S1. Left: Reaction times observed in the homogeneous search conditions of Experiment 1A as a function of distractor set sizes and distractor types when the target was an octagon and distractors were squares, triangles or houses. Results show that search efficiency, here indexed by the logarithmic search slope, varies as a function of target-distractor similarity. Search becomes less efficient when target-distractor similarity increases. Right: Reaction times observed in the homogeneous search conditions of Experiment 1B as a function of distractor set sizes and distractor types when the target was an octagon with white cross texture and distractors were octagons with tilted pound key, dotted or solid textures. 

The question remains open regarding how more subtle material features (like the ones used in Cant et al.7 and Cavina-Pratesi et al.8) would be processed by peripheral vision. For instance, material features such as the texture of leather, bricks, and wood might not be distinguishable from one another in the periphery, once differences in overall color, luminance are equated for. If they are not, then it would be impossible to apply the approach used here simply because the information provided by these features would be insufficient to compute a contrast signal, and therefore, insufficient to guide attention. It is possible that certain material features can only be properly represented through foveal (or parafoveal) vision. If so, this might explain why studies using subtle material features might have found evidence for processing independence between shape and texture 7,8.
Top-down contrast or bottom-up salience?
In the attention literature, there are at least two ways to characterize the forces that guide attention in a scene: the bottom-up influence and the top-down influence. The bottom-up force is meant to reflect the extent to which local contrast surrounding an element in the scene automatically makes that element more salient to the observer and therefore more likely to attract attention, irrespective of the observer’s goals when viewing the scene9-13. The top-down influence is meant to reflect the extent to which information held in the observer’s mind guides attention to specific elements in the scene14-17. Target Contrast Signal Theory18 proposes that the top-down information that guides attention is the contrast computed by comparing the target template held in mind to the stimuli present in the scene. Sufficiently large contrast values allow the visual system to reject items in parallel that are unlikely to be the target. Visual attention is then directed to locations that were not rejected. Note that this account is similar to the relational theory19-24 that also proposes that attention is guided by a difference value and stands in direct contrasts to feature-centric theories of attention 14,16,25 that propose attention is guided toward the target by the relative match between features in the display and those of the target. According to these latter theories, when searching for a red item, the top-down guiding information is the color red. Items that match the specific color draw attention to themselves16,17,26. Those that do not are ignored by attention. Similar arguments are made in “optimal tuning” accounts of top-down guidance25,27.
The question that arises is: what is the source of attentional guidance in the experiments presented in this manuscript? Is it possible that attention is guided in a bottom-up fashion? Below we review evidence against this possibility. The traditional bottom-up contrast is computed as the visual difference between the features of an object and those of its immediate surroundings10,11,13. This computation can in theory occur over multiple spatial scales. Proponents of the bottom-up argument would say that when many distractors are present in the display, along with the target, the bottom-up contrast of the target is therefore impacted by the presence of those distractors. As distractor set size increases, it becomes more and more likely that distractors will appear near the target and therefore impact the computation of that contrast. In this view, at large set-sizes, the bottom-up contrast becomes the contrast between the target and the surrounding distractors. A consequence of this is that as set size increases, the additional cost to find the target diminishes because the additional distractors increase the target signal. 
This proposal fails on several fronts. First, as discussed below, there are several reasons to believe that, at least at the stimulus densities studied here, the bottom-up contrast of the target is nothing more than the contrast of the target against its surrounding background. This is uncontroversial when the target is the only item in the display and this is also the case at very small set sizes, given that the likelihood of a distractor being close to the target is very small. If it is true that as set size increases, the target-distractor bottom-up signal increases in strength, then one would expect that the mechanisms that determine performance at large set sizes (when this contrast is maximal) would not be able to explain performance at the smaller set sizes (when this contrast is absent). More specifically, this account would predict that search efficiency should improve at larger set sizes, compared to smaller set sizes. In other words, the logarithmic slopes computed over large set size values should be significantly smaller than the logarithmic slopes computed over the small set sizes. This was first empirically tested in Buetti et al.5. The authors compared the slope of the logarithmic search function when it was computed based only on small set sizes to the slope computed based only on large set sizes. The two values of the slopes did not differ significantly from one another, suggesting that there was not an additional factor (like the hypothesized target-distractor bottom-up signal) that came into play at large set sizes. Instead, this analysis suggested that the same mechanisms governing behavior at small set sizes continue to govern behavior at large set sizes. As mentioned before, we propose that mechanism is the top-down contrast signal. We ran a similar analysis on all fifteen search functions reported in the present manuscript, comparing search slopes over small set sizes to search slopes over large set sizes. Note that here we only tested 4 distractor total sizes, instead of 5 used in Buetti et al.5 and that the largest set size in the present experiments was 20, as compared to 32. Therefore, the analysis from Buetti et al.5 allowed for a stronger test of this hypothesis given that each slope was fitted through three points at large set sizes (improving the fit of the estimated slope) and that larger set sizes were included, where the bottom-up salience signal ought to have been even stronger. 
In the current analysis, to compute the slope over small set sizes, we fitted a logarithmic function through the small set sizes (set sizes 1-10). To compute the slope over large set sizes, we fitted a logarithmic function only over the two largest set sizes (10 and 20). Granted, fitting a logarithmic curve through two points (10 and 20) is less than optimal when trying to estimate the underlying search function. Nevertheless, for the purposes of this analysis, it seemed the most conservative thing to do: compute search efficiency computed exclusively over the large set sizes, where the target-distractor bottom-up signal should be maximally at play, and compare it to efficiency computed on the small set sizes where this factor is likely absent. As shown in Table S1 and consistent with the Buetti et al.5 analysis, there was no systematic evidence of increased search efficiency at large set sizes compared to small set sizes. Fourteen out of fifteen times, this was not the case: the slopes computed over large set sizes were not significantly smaller than the ones computed over small set sizes, except in Experiment 1A, when the distractor was a triangle shape. In sum, it is unlikely that different mechanisms are operating over small and large set sizes as there does not appear to be systematic evidence that the slopes at larger set sizes are smaller than the ones computed at lower set sizes.



Table S1. Logarithmic slope for the fifteen search functions computed over small set sizes (1-10) and over large set sizes (10-20) in Experiments 1-2. The asterisk indicates the only slope that was significantly smaller at larger set sizes compared to the smaller set sizes (at the alpha = 0.05 level).
	Experiment
	distractor type
	set size 1-10
	set size 10-20

	Experiment 1A
	house
	80.1
	175.3

	
	square
	46.0
	58.9

	
	triangle 
	52.1
	27.0*

	Experiment 1B
	solid
	42.7
	65.7

	
	tilted #
	102.7
	157.0

	
	dots
	71.9
	63.3

	Experiment 2A
	house #
	63.0
	85.9

	
	square dots
	28.7
	38.2

	
	triangle solid
	37.5
	11.2

	Experiment 2B
	house dots
	47.8
	63.3

	
	square solid
	21.2
	18.2

	
	triangle #
	39.9
	24.4

	Experiment 2C
	house solid
	38.0
	40.1

	
	square #
	49.6
	35.2

	
	triangle dots
	40.6
	42.8



Second, the idea that, if present, a bottom-up contrast would somehow facilitate responses is contradicted by extant data. In Buetti et al.5, we directly tested this hypothesis by comparing RTs in identical displays using two different search tasks: a “top-down” task, where the target defining features were known to the participants and fixed throughout the experiment, and a “bottom-up” task, where the target defining feature changed randomly from trial to trial. RTs in the “top-down” task were systematically faster than in the “bottom-up” task. The difference was particularly large at small set sizes, the largest difference being in the order of 150 ms at set size 3. Thus, performance in tasks that are presumably driven entirely by the bottom-up signal was in fact slower (not faster) than in tasks driven by the top-down contrast, at least at the display densities used in Buetti et al.5, which were actually denser than the displays used here. Tseng et al.28 proposed a model to account for the slow-down in the bottom-up task. Precisely because there is little-to-no target-distractor bottom-up contrast to drive attention, performance in bottom-up tasks is driven by two successive computations. An initial computation where the observer has to find which is the feature that is common to all distractors, and a second computation where the observer guides attention away from that color. The first computation is time consuming and is particularly difficult at small set sizes, but as set size increases, it becomes easier and easier to determine which feature is common to all distractors. In fact, the cost decreases as a function of 2/n, with n being set size. This results in an RT function that decreases as a power function of set size, which is fundamentally different than the monotonically increasing logarithmic functions observed when the target is known (top-down search). 
Third, the proposal that the bottom-up target-distractor contrast determines performance in our search tasks would face difficulties accounting for certain patterns in the data. For instance, as we mentioned above, the bottom-up signal for the target is unlikely to be modulated by any featural information from the distractors at the smallest set sizes. This follows because at smaller set sizes, the distractors are overwhelmingly far from the target. Such an account would therefore predict that target-distractor similarity would only start modulating performance at the larger set sizes. This is contradicted by the data presented here, as well as in many previous papers5,29-31 where we show that even at the smallest set sizes, even when a single distractor is added to the display (set size 2), RTs are already modulated by target-distractor similarity. This sensitivity to target-distractor similarity at small set sizes is entirely consistent with the top-down account: each item has to be compared to the target template and will take different amounts of time to be rejected as a function of its level of similarity to the target. Thus, RTs at set size 2 will be much faster if the second item (the distractor) is very different from the target and will be relatively slower if the second item is very similar to the target. The pattern of data observed in distractor-heterogeneous displays is also difficult to explain in terms of bottom-up processes. Indeed, studies29,32,33 have shown that performance under distractor heterogeneous conditions can be entirely predicted in terms of the performance observed in distractor homogeneous conditions. The predictions for RTs observed in heterogeneous conditions are made using just two sets of parameters: the logarithmic slopes for each target-distractor pairing measured under homogeneous conditions and the number of each type of distractor present in the display. The success of these predictions, based on just these two sets of parameters, suggests that homogeneous and heterogeneous searches are governed by the same underlying mechanism: each item is independently compared to the target, in parallel, across the display, and is rejected at its own rate (which is set by its own level of similarity to the target). We believe an account based solely on bottom-up information would face difficulties explaining the success of these predictions.
In sum, there is little reason to believe that a bottom-up target-distractor salience signal drives attention in the experiments presented here. Rather, we propose it is the knowledge of the target features ahead of time that allows observers to efficiently process the display and orient to the target. We propose this is because the knowledge of the target features allow for the computation of a top-down contrast for each element in the display. This difference signal allows the visual system to discard, in parallel, distractors that are sufficiently different from the target. 
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