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[bookmark: _Toc207823437]Ágrip
Safnskynjun gerir fólki kleift að draga hratt saman tölfræðilegar upplýsingar úr umhverfinu og þannig sniðganga takmarkanir í vinnsluminni. Hins vegar er enn óljóst hversu háð hún er athygli. Þessi doktorsritgerð kannar hvort safnskynjun sé sjálfvirk eða krefjist athyglisauðlinda, með áherslu á sjónræna eiginleika á lág- og miðstigi á borð við halla og lengd. Doktorsverkefnið tekur til þriggja rannsókna sem sameina atferlisverkefni og heilalínurit.
Grein 1 tók til þess hvort breytingar á meðalhalla í safnskynjun væru greindar sjálfvirkt. Þetta var kannað með mælingum á atviksháðu spennuþáttunum vMMN og P3. Breytingar sem þátttakendur veittu athygli vöktu P3-þáttinn, en breytingar sem þeir hundsuðu leiddu ekki til vMMN, sem bendir til að ekki hafi átt sér stað forathugunarbundin vinnsla.
Í grein 2 var prófað hvort safn hluta sé sjálfvirkt flokkað eftir dreifingu eiginleika áreitanna. vMMN kom fram við flokkun eftir lengd, en ekki við flokkun eingöngu eftir halla, sem gefur til kynna að sjálfvirkni sé háð eiginleikum safnsins.
Í grein 3 var athygli stýrt með Posner-vísbendum. Niðurstöður sýndu að fólk er ófært um að meta meðalhalla safns sé því ekki veitt athygli, ólíkt því sem gerist við mat á stökum hlutum. Þetta staðfestir að athygli er nauðsynleg fyrir nákvæma úrvinnslu í safnskynjun.
Heildarniðurstöður sýna að safnskynjun er ekki að öllu leyti sjálfvirk, sérstaklega hvað varðar skynjun á halla, og krefst bæði rýmis- og valbundinnar athygli til að ná fram réttum upplýsingum. Þessar niðurstöður hafa áhrif á kenningar um sjónræna skynjun og undirstrika hlutverk athyglinnar í vinnslu samantektartölfræði sjónrænna áreita.
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[bookmark: _Toc223923940][bookmark: _Toc207823438]Abstract
Ensemble perception enables the rapid extraction of summary statistics from visual scenes, bypassing capacity limitations, but its dependence on attention remains debated. This thesis investigates whether ensemble processing operates automatically or requires attentional resources, focusing on low- and mid-level features like orientation and length, through three studies combining behavioural paradigms and electroencephalography (EEG).
Paper I examined automatic detection of ensemble mean orientation changes using visual mismatch negativity (vMMN) in oddball tasks. Attended changes elicited P3 component, but unattended changes produced no vMMN, indicating no pre-attentive processing. Paper II tested automatic parsing of spatially intermixed objects into categories based on feature distributions. vMMN emerged for length-based segmentation but not orientation alone, suggesting feature-specific automaticity. Paper III manipulated spatial attention via Posner cueing; ensemble orientation judgments dropped to chance on invalid cues, unlike single items, confirming attention's necessity.
Overall, findings demonstrate that ensemble perception is not fully automatic, particularly for orientation, requiring spatial and selective attention for accurate extraction. Implications extend to visual cognition theories, emphasizing attention's gating role in summary statistics processing.
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[bookmark: _Toc207823446]Scope of the thesis
The idea of this thesis came from an unresolved debate in the ensemble perception literature. Traditionally, ensemble perception is defined as a cognitive shortcut that extracts summary statistics from visual scenes and allows us to overcome intrinsic computational and capacity limitations of the human visual system (Tsotsos, 1988). However, the extent to which ensemble statistics processing relies on focused attention versus more automatic mechanisms remains unclear. As detailed in Section 1.2, some studies suggest that ensemble statistics depend on focused attention, while others propose that automatic mechanisms suffice.
Two published and one submitted articles form the core of this thesis, collectively exploring this controversy through combining behavioural methods with electroencephalography (EEG). Papers I and II investigate the potential automatic nature of ensemble processing using visual mismatch negativity (vMMN) paradigms, which probe detection of statistical regularities outside attentional focus. Paper I focuses on the possible automatic calculation of ensemble means of low-level features, particularly orientation, while Paper II extends this inquiry to rapid categorization, a related ensemble-based process that parses spatially intermixed objects into categories based on summary statistics of features like length and orientation conjunctions. Paper III employs a well-established spatial attention manipulation (Posner cueing) to test attentional requirements, serving both as a conceptual replication of prior findings and an extension to more complex feature domains, such as animacy, by incorporating mid- and high-level stimuli. However, due to floor effects, the high-level and mid-level (animacy) experiments in Paper III yielded uninterpretable results and were excluded from the submitted paper; these findings are not part of the thesis’ core scope. Together, these studies provide a comprehensive examination of whether attention is necessary for ensemble perception and related summary statistics processes or whether they can occur automatically. 


1

[bookmark: _Toc207823447]Outline 
In Section 1.3 I will provide a general review of ensemble perception, describing its main features and seminal works in the field. Section 1.4 is dedicated to the role of attention in the process of ensemble perception – how attention and ensemble perception interact; and focuses on the main question of the thesis – whether the extraction of ensemble summary statistics can occur automatically. Section 1.5 describes attentional and pre-attentive EEG markers used in papers I, II and III linking it to ensemble perception.
[bookmark: _Toc207823448]Ensemble perception
The world is unspeakably rich in visual information, and humans as a species are highly dependent on that information being perceived and processed efficiently. This diverse visual world comprises objects sharing definitive features – colour, shape, direction of motion, orientation, etc. We frequently interact with groups of objects: reading the overall emotion of peers as a new student, deciding which bag of apples is riper for a pie, or identifying the best berry bush to pick. Processing each object and its features individually would exhaust the visual system’s capacity (Tsotsos, 1988), due to attentional (Cavanagh & Alvarez, 2005) and working memory limitations (Cowan, 2001; Luck & Vogel, 2013).
To navigate these limitations, the visual system employs ensemble perception, a mechanism that rapidly computes summary statistics, such as the average orientation of a set of lines or the dominant colour of a berry bush, enabling efficient scene comprehension without exhausting cognitive resources. Ensemble perception is defined as the ability to extract statistical properties from a group of objects without retaining information about each individual element (Whitney & Yamanashi Leib, 2018). Ariely (2001) pioneered the study of ensemble perception, introducing paradigms such as member identification (judging whether a test dot belonged to a set of different-sized dots) and mean discrimination (comparing a test dot to the set’s average size). Ariely’s work revealed that observers could accurately judge average size while failing to identify individual members. The typical paradigms currently used in the field are depicted in Figure 1.



[image: ]Note: reprinted from Corbett, J. E., Utochkin, I., & Hochstein, S. (2023). The Pervasiveness of Ensemble Perception: Not Just Your Average Review (1st ed.). Cambridge University Press. https://doi.org/10.1017/9781009222716. Copyright by Cambridge University Press. License Date: 04/08/2025. PLSclear Ref No: 108264.[bookmark: _Toc206165348]Figure 1: Typical paradigms used to probe ensemble perception.

The idea of perceiving groups holistically traces back to early 20th-century Gestalt psychology, which posited that the visual system organizes sensory input into meaningful wholes based on principles like similarity, proximity, and continuity (Wertheimer, 1938). However, ensemble perception, distinct from Gestalt grouping, is operationally defined as the ability to “discriminate or reproduce a statistical moment” (Whitney & Leib, 2017). Building on earlier studies, Alvarez (2011) coined the term “ensemble perception”, emphasizing its role in forming precise, compressed representations such as mean size or orientation that leverage real-world redundancies to enhance visual cognition. By averaging noisy individual measurements, ensemble perception achieves greater accuracy than individual item processing, effectively bypassing capacity constraints (Alvarez, 2011).
Cant and Xu (2012) found parahippocampal (PPA) activation for object ensembles versus matched textures, indicating distinct global versus low-level processing, but without direct ensemble metrics. Later fMRI showed no effects of density or ratio in the PPA, but modulation by element shape and surface (Cant & Xu, 2017), consistent with PPA texture selectivity (Park & Park, 2017). Future work must include ensemble-encoding tasks and differentiation from texture perception. Using MEG, Im et al. (2021) revealed early dorsal activation for emotional face sets versus later ventral for individuals, supporting rapid parallel dorsal processing distinct from ventral object mechanisms (Ariely, 2001). Tark et al. (2021) identified task-modulated selectivity for averages versus items across extrastriate to frontal areas, implying multi-level population pooling. For a more comprehensive review of the neural substrates of ensemble perception, refer to Corbett et al. (2023).

Below, I provide a detailed review of the features ensemble perception can extract and the statistical descriptors our visual system may access.
[bookmark: _Toc207823449]Features
The scope of features has been found eligible for ensemble perception is vast. Early works by Watamaniuk and colleagues brought up evidence of ability to successfully estimate the average direction of a group of moving dots as well as its speed (Heinen & Watamaniuk, 1998; Watamaniuk & Duchon, 1992; Watamaniuk & McKee, 1998). The same is true for orientation. In Dakin´s works, observers could average orientation from sets up to 512 lines (Dakin, 1997; Dakin & Watt, 1997). Another example is colour – being presented with two sets of differently hued objects, participants demonstrated bias towards mean hue, even though it was never presented in the set (Maule et al., 2014). This is supported in Webster (2014), where participants could average hue among 121 elements of two different hues. Alvarez and Oliva (2008) found that participants were more accurate in estimation of the centroid location of a set of moving objects, compared to identifying the location of four independent objects – suggesting that location is one of the features available for ensemble perception. 
Ensemble perception extends beyond basic low-level features into the mid-level domain. For instance, observers can accurately perceive the average depth of a group of objects (Wardle et al., 2012). Similarly, ensemble perception enables precise averaging of differently sized circles presented briefly (Chong & Treisman, 2003). Moreover, when computing the average size of an ensemble, the visual system relies on perceived size, accounting for size constancy, rather than absolute size (Haberman & Suresh, 2021; Tiurina & Utochkin, 2019). This suggests that ensemble perception integrates higher-order perceptual processes, prioritizing ecologically relevant information to form robust summary statistics.
Recent studies on high-level ensemble perception suggest that observers can rapidly extract abstract visual information, such as animacy or identity, from groups of objects without relying on detailed representations of individual items. Haberman and Whitney (2009) demonstrated that viewers can implicitly and accurately estimate the mean emotion of face sets, even when individual face memory is poor, indicating that ensemble coding extends to high-level features. Neumann et al. (2013) further showed that viewers extract both the mean and individual identities from sets of famous faces, suggesting coexisting summary and exemplar representations. Leib et al. (2016) revealed that animacy (lifelikeness) can be perceived from groups of diverse objects using fast ensemble coding, with precision increasing as more items are presented. These findings support the idea that high-level impressions, such as mean emotion or animacy, are formed rapidly through efficient ensemble coding and automatically via implicit processes that bypass detailed individual analysis. However, Tiurina and Markov (2024) argued that while ensemble animacy perception appears to involve high-level representations, it can also be supported by mid-level features like shape and texture, as observers successfully extracted mean animacy from texforms, unrecognizable images generated by transforming animate and inanimate object images (Long et al., 2017). These findings collectively establish ensemble perception as a rapid and efficient mechanism, even for abstract properties like animacy.
[bookmark: _Toc207823450]Statistical parameters
The average of a group, such as its mean orientation or colour, is one of the most reported summary statistics. Experimental evidence suggests that ensemble perception extends and is able to capture even more statistical moments from the visual input. One example is numerosity. This gist-like estimation of a set size without one-by-one counting, is allegedly extracted in parallel over an ensemble (Chong & Evans, 2011).
Another important descriptor is variability. Two ensembles identical in their mean can be composed of very differently distributed elements; for example, an audience of uniformly neutral-faced viewers and a crowd where half the people are crying and the other half are cheering may have the same average expression yet convey a strikingly different message to a performer. Observers show sensitivity to variance across diverse feature domains, including low-level features like orientation (Norman et al., 2015) and brightness (Khayat & Hochstein, 2018) as well as high-level features like facial expression (Haberman et al., 2015). This sensitivity also extends to mid-level features, such as size (Solomon et al., 2011).
The relationship between mean and variance has also drawn increasing interest. While both are clearly extracted from visual sets, their interaction is not straightforward. It is well established that increased variability within an ensemble can reduce the accuracy of mean estimations. This effect has been observed across feature domains, including colour (Maule & Franklin, 2015) and size (Utochkin & Tiurina, 2014). However, findings from individual differences research reveal no correlation between participants’ performance on mean and variance judgment tasks (Yang et al., 2018). Further, trial-by-trial analyses by Khvostov and Utochkin (2019) showed no performance correlation between mean and variance extraction, and importantly, no decrement in dual-task performance when participants were asked to report both statistics simultaneously. These results suggest that the visual system may process mean and variance independently and potentially in parallel, rather than through a shared or competing mechanism. 
Beyond isolated summary statistics such as the mean and variance, a growing body of research suggests that the visual system can represent the entire distribution of features within an ensemble. This idea is most clearly demonstrated through the Feature Distribution Learning (FDL) paradigm (Chetverikov et al., 2017b, 2017a). In this paradigm, observers are first exposed to a sequence of training trials, where visual search displays contain distractors sampled from a specific feature distribution – such as a Gaussian, bimodal, or skewed set of colours. After this exposure phase, a test trial is presented in which the roles of distractors and targets are reversed: now, a former distractor feature becomes the target, and the test display includes no distractors from the trained distribution. Crucially, the response time in the test trial depends on the similarity between the target and the features of the previously experienced distribution. The resulting response time function closely mirrors the shape of the original distractor distribution, indicating that the observer has implicitly learned not just the average or variance, but the full structure of the feature distribution.
While the majority of FDL studies have used colour as the primary feature, recent work demonstrates that the paradigm generalizes to other visual dimensions. Chetverikov et al. (2019) successfully applied FDL to orientation, showing that participants' response times tracked learned distributions of line orientations. However, more recently, Hansmann-Roth et al. (2023) used a linearized circular shape space and found that although observers could implicitly learn the mean and range of shape ensembles, implicit learning more complex distribution shapes proved more difficult. These findings suggest that the capacity for full-distribution learning is not limited to colour, but it may vary with the complexity and dimensionality of the feature in question.
While these learned representations clearly guide behaviour, they appear to remain largely inaccessible to conscious awareness. Participants typically cannot explicitly distinguish between distributions of different shapes (e.g., unimodal vs. bimodal), suggesting that the rich statistical information encoded in ensemble perception operates predominantly at an implicit level. However, recent evidence challenges this view by demonstrating explicit access to detailed feature distributions. Khvostov et al. (2025) showed that observers can consciously report characteristics of entire distributions using a novel task (Feature Frequency Report) where participants reported the frequency of a randomly chosen colour from the previously briefly presented ensemble of coloured discs sampled from Gaussian or bimodal distributions. Their results revealed reliable explicit representations of distribution shapes, with performance accurately reflecting the distributions shape, supporting a "feature distribution view" where ensembles are consciously encoded as detailed, holistic structures rather than limited summaries. This finding suggests that while FDL paradigms highlight implicit learning, explicit access may be possible under direct probing, potentially varying by task demands and feature type. 
The provided review suggests that ensemble perception is a qualitatively distinct mode of perception, providing the visual system with access to rich statistical information on surrounding visual scenes that can guide our behaviour. It operates on different feature levels, is fast and may utilize neural substrates distinct from single object processing (yet the evidence for that is discrepant). 
Despite the apparent efficiency of ensemble perception, a key unresolved question concerns its relationship with attention. Does ensemble processing rely on attentional mechanisms, such as spatial, feature-based, or object-based attention? Or is ensemble perception a truly cost-free, pre-attentive, and automatic process? Central to this issue is the debate over the mechanisms by which ensembles are formed. Some models propose that observers rely on subsampling, where attention selects only a few representative items from a set while discarding the rest. This view is supported by the noise-and-selection model (Allik et al., 2013) and by findings from Myczek and Simons (2008) indicating that ensemble estimates often reflect the contribution of just a subset of items. Alternatively, other accounts suggest that all items contribute to ensemble perception but with unequal weights, modulated by attentional focus or perceptual salience (de Fockert & Marchant, 2008). According to this perspective, attention amplifies rather than gates input. These competing theoretical frameworks have distinct implications for whether and how attention shapes ensemble representations. In the following section (Section 1.4), I review the current evidence on the interaction between attention and ensemble perception, drawing on behavioural, neurophysiological, and clinical findings.

[bookmark: _Toc207823451]Attention and Ensemble Perception
One way to approach the question of links between ensemble perception and attention is to examine the interaction between attentional processes and ensemble representations. Selective attention clearly influences ensemble judgments: for instance, observers’ estimates of average properties are often biased toward perceptually salient or explicitly attended items within a set, a phenomenon described as weighted averaging (Choi & Chong, 2020) or amplification (Iakovlev & Utochkin, 2021; Kanaya et al., 2018). Moreover, attention appears not only to affect which elements are included in the ensemble computation, but also how much each element contributes to the final estimate. Baek and Chong (2020b) directly addressed this by comparing models of ensemble perception that differ in how they treat attention. They found that models incorporating a spatial gradient of attention, where centrally attended items are weighted more heavily, more accurately predicted observers’ average size judgments than models assuming uniform or all-or-none sampling. Their results suggest that ensemble estimates are not derived from an unbiased sample of the visual field but rather reflect a dynamic process shaped by the distribution of attention across space. 
These findings raise an important theoretical distinction: does attention merely modulate ensemble representations, or is it required for their formation in the first place? In the former case, attention would act to shape or bias ensemble estimates by weighing some elements more than others without being necessary for ensemble extraction per se. In the latter case, ensemble perception would depend on the presence of attentional resources to occur at all. This distinction is crucial, as it draws the line between attention as a modifier versus a prerequisite, and frames much of the experimental literature that attempts to probe ensemble perception under various levels and types of attentional availability.
[bookmark: _Toc207823452]The necessity of attention?
Before turning to empirical findings, it is important to clarify that attention is not a unitary process. Cognitive models distinguish between spatial attention, which selects regions of space; object-based attention, which prioritizes entire objects regardless of location; and feature-based attention, which enhances processing of particular stimulus attributes such as colour, motion, or size. In addition, attention can vary in distribution (focused vs. diffuse), persistence (transient vs. sustained), and control (voluntary vs. automatic). These distinctions are crucial when interpreting studies on ensemble perception, as different paradigms (e.g., multiple object tracking, attentional blink, masking, and spatial cueing) will target different facets of attentional processing.
Studies exploring the role of attention in ensemble processing typically adopt one of two strategies: they either assess ensemble performance under conditions of increased processing load or directly manipulate attention to determine whether unattended ensemble information influences behaviour.
For instance, Alvarez and Oliva (2008) provided early evidence for preserved ensemble processing under divided attention using a multiple object tracking paradigm. Participants were instructed to track a subset of four independently moving objects while ignoring a second set or a background of dynamically changing Gabor patches with varying orientations. Remarkably, observers successfully encoded the centroid location of both attended and unattended moving sets and detected changes in the average orientation of the background Gabors, suggesting that ensemble representations can be formed outside the focus of attention.
Complementing these findings, Talipski et al. (2022) used a Posner cueing paradigm, which tests spatial attention by directing focus to specific locations via cues (valid cues correctly predict the target location, invalid cues do not), to assess whether spatial attention is necessary for ensemble perception of global motion. In two experiments, participants were cued to attend either valid or invalid spatial locations before being shown motion ensembles. The results revealed no difference in performance between cued and uncued locations, indicating that spatially misdirected attention did not disrupt ensemble perception. This supports the notion that certain types of ensemble representations, particularly those involving global motion, may be extracted independently of focal spatial attention. Epstein and Emmanouil (2017) likewise found no decrement in ensemble performance under high working memory load: participants were asked to judge which of two arrays of twelve circles had a larger average size while simultaneously performing object and spatial memory tasks. Their average discrimination performance remained unaffected, indicating that ensemble perception may proceed independently of working memory load.
A related line of research has employed the attentional blink paradigm, which tests perception during brief lapses of attention by presenting stimuli in rapid sequence, to assess ensemble perception under transient attentional constraints. Joo et al. (2009) showed that participants could accurately judge which of two arrays of differently sized circles had a larger mean size, even when the second array appeared during the attentional blink period, suggesting that ensemble encoding of mean size persists despite temporary attentional depletion. Similarly, Corbett and Oriet (2011) demonstrated that participants, when viewing a rapid serial visual presentation sequence of circles, often falsely reported seeing an average-sized circle that was never presented, instead of the actual outlier circle shown. This effect was strongest when the second target followed the first target closely in time, where attentional resources were most limited or when these items are most likely to fall within a single attentional window (Wyble et al., 2011) but persisted at longer intervals. Despite this, participants could correctly reject circles unrelated to either the mean or the outlier, indicating that ensemble representations formed even when awareness of individual items was impaired.
Additional evidence for attention-independent ensemble processing comes from masking studies. Choo and Franconeri (2010) showed that individual items masked using object substitution techniques were still integrated into ensemble averages, indicating that phenomenal awareness of all items is not required. This finding is corroborated by Sekimoto et al. (2022), who used spatially non-overlapping annular masks to suppress phenomenal awareness of central elements in an ensemble. Despite this masking, the invisible elements were still incorporated into judgments of average orientation, suggesting ensemble computations can occur without conscious access to all constituent elements.
Further support comes from neuropsychological studies involving clinical populations with impaired attentional mechanisms. Unilateral spatial neglect (USN), a neurological syndrome often caused by right-hemisphere damage that impairs attentional deployment to the contralesional side of space, was examined by Yamanashi Leib et al. (2012). Four patients with chronic left-side neglect performed a task where they viewed a central target circle, followed by an ensemble of differently sized circles and distractor triangles in either the left or right visual hemifield. On half the trials, the target circle was not present in the ensemble but its size matched the average size of the ensemble’s circles, testing whether patients perceived this mean size despite neglect. Patients frequently reported the presence of mean-sized targets on the neglected left side, despite impaired attention, indicating implicit extraction of ensemble statistics. On the attended right side, they accurately distinguished mean-sized targets, but performance was disrupted by distractors from the neglected side, suggesting that unattended information influences ensemble encoding.
Expanding on these findings, Pavlovskaya and colleagues (2015) conducted a series of three experiments explicitly testing averaging ability in twelve USN patients. Participants compared the size of a test circle with the average of an ensemble presented unilaterally or bilaterally. Results showed that patients could extract average size from both visual fields, including the neglected side. However, performance declined when averaging relied primarily on left-side items, indicating that these contributed less to the final estimate. In bilateral displays, left-side elements still influenced judgments, albeit with reduced weight. These findings support the conclusion that ensemble perception can occur without full attentional access but is subject to asymmetrical integration when attention is impaired.
In contrast to the studies suggesting that ensemble perception can operate independently of attention, several findings indicate that attention may be necessary – particularly for the conscious or high-fidelity extraction of ensemble statistics. Jackson-Nielsen et al. (2017) employed a dual-task paradigm where participants attended to a cued row of white letters to report their identities, while non-cued rows consisted of coloured letters varying in size. On critical trials, participants were unexpectedly probed on the colour or size variance (diversity) of the non-cued rows via a 3-alternative forced-choice recognition test. Many participants failed to select the correct ensemble variance, often choosing non-matching options, demonstrating inattentional blindness – a phenomenon where individuals fail to notice unexpected stimuli or features in their visual field when their attention is focused elsewhere, even if those stimuli are clearly visible. The authors concluded that some degree of attentional allocation is necessary for a conscious impression of ensemble properties. Similarly, McNair et al. (2017) found that ensemble representations are vulnerable to attentional blink effects. In their study, participants had to judge the average emotional expression of face ensembles (T2) presented shortly after a first target (T1) in a rapid serial visual presentation stream. At short latencies between T1 and T2, ensemble accuracy was significantly reduced, suggesting impaired access to summary statistics under limited attentional capacity. Notably, the AB effect (drop in accuracy for reporting the second target when it appears close in time to the first) was stronger for ensemble reports than for individual face reports, highlighting a greater attentional demand for extracting group-level information. Dakin et al. (2009) also reported that under a secondary attention-demanding task, observers’ efficiency in estimating the average orientation of a Gabor array declined. Specifically, the effective number of elements sampled for the average estimate was reduced, indicating that attentional load constrains the integration process underlying ensemble perception. Taken together, these studies suggest that while ensemble representations may sometimes arise under inattention, their formation can be significantly disrupted by attentional limitations.
The reviewed evidence presents a complex picture: while ensemble representations can sometimes be formed under reduced or diverted attention, other findings suggest that certain types of attention are necessary for either the accurate extraction or conscious access to summary statistics. However, most of this evidence is behavioural in nature and does not directly address the underlying neural mechanisms that distinguish automatic from attention-dependent processes. To investigate this, the present thesis incorporates electrophysiological measures, specifically, event-related potentials (ERPs), as neural markers of attentional involvement in ensemble perception. The following section focuses on these ERP components. They are differentially sensitive to attentional state and can help clarify the extent to which ensemble processing relies on attentional resources. This approach addresses the central question of this thesis: Does ensemble perception depend on attention, and to what extent can it operate in its absence?
[bookmark: _Toc207823453]EEG markers of attentional and pre-attentive processing
Electroencephalography (EEG) is a powerful tool to study attention. Studies have identified several markers that can be linked to different aspects of visual processing with a focus on attention. The section provides a review of ERP components used in the thesis. These include the visual mismatch negativity (vMMN), the P300 or P3, and the N2pc. Each of these components offers distinct insight into different temporal and functional aspects of attentional processing: the vMMN is typically considered a marker of automatic, pre-attentive change detection; the N2pc reflects the spatial deployment of visual attention; and the P3 is associated with the evaluation of stimulus significance and context updating under attentive conditions.
[bookmark: _Toc207823454]vMMN
The mismatch negativity (MMN), originally discovered in the auditory modality (Näätänen & Escera, 2000), is one of the most prominent ERP components linked to pre-attentive processing. It is elicited by rare deviations in stimulus streams, even when these stimuli are unattended or when participants are unconscious (Morlet & Fischer, 2014). In the visual modality, its analogue is called the visual mismatch negativity (vMMN). It has become a widely used index of automatic change detection. The vMMN has been elicited by deviations in a broad range of features, including colour, spatial frequency, motion direction, shape, orientation, and spatial location (Czigler, 2008; Pazo-Alvarez et al., 2003; Stefanics et al., 2015). It has also been demonstrated for more complex properties such as facial expressions (Kreegipuu et al., 2013; Stefanics et al., 2012) or sequential regularities violations (Stefanics et al., 2011).
The vMMN is most studied using a passive oddball paradigm, in which participants attend to a central task while a sequence of common and uncommon stimuli is presented in the background (Figure 2). Several theoretical accounts have been proposed to explain the mechanisms underlying the vMMN. One dominant interpretation is the memory-comparison hypothesis, which posits that the vMMN reflects a mismatch between current visual input and a memory trace of preceding stimuli stored in a short-term sensory buffer (Näätänen et al., 2005). An alternative perspective is based on predictive coding, suggesting that the brain continuously generates predictions about incoming sensory input and that the vMMN arises when actual stimuli deviate from these predictions (Stefanics et al., 2014). This framework implies that the visual system encodes statistical regularities and computes prediction errors when those expectations are violated. These accounts are not mutually exclusive, [image: A group of squares with a blue plus sign

AI-generated content may be incorrect.]and both highlight the automatic nature of the vMMN as a marker of rapid visual inference processes.[bookmark: _Toc206165349]Figure 2: Typical vMMN elicitation paradigm. 


A background colour change (from light gray to light blue) indicates a deviant stimulus, triggering vMMN. Participants are instructed to pay attention to a central task – change of the central cross orientation in this case. 

Typically observed in the 120–250 ms post-stimulus window, the vMMN manifests as a greater negativity in response to deviant stimuli, with a posterior scalp distribution over occipital and parietal regions.(Czigler, 2008) While the vMMN is classically interpreted as being attention-independent, a growing number of studies indicate that attentional state and task load may modulate its amplitude (Berti & Schröger, 2006; Kimura & Takeda, 2013). High central load can diminish the robustness of the vMMN, possibly by drawing cognitive resources away from early visual processing. However, the component is remarkably robust to changes in task demands and the variety of approaches in the literature, including attentional blink (Berti, 2011) and peripheral distractor paradigms (Kimura et al., 2009). Using magnetoencephalography and source localization, Susac et.al (2014) localized the neural generators of visual mismatch negativity (vMMN) to the occipital cortex, with peak activity between 100-160 ms. Their findings revealed that responses to unexpected, rare deviant stimuli originate from sources distinct from those in equiprobable control conditions, supporting separate pre-attentive systems for memory-based visual change detection.
In addition to basic feature deviations, the vMMN has been employed to investigate the automatic processing of complex visual patterns, including ensemble statistics. Studies have shown that unattended changes in the average emotion of face crowds (Stefanics et al., 2012), or in the variance of orientation distributions (Durant et al., 2017) can elicit vMMN – implicating that those group changes are detected pre-attentively. These results collectively support the view that vMMN is sensitive to both low- and high-level visual regularities.
[bookmark: _Toc207823455]N2pc
The N2pc component reflects spatially selective attention and provides a more direct measure of attentional deployment. Described by Luck (1994), it appears as a lateralized posterior negativity approximately 200–300 ms following stimulus onset and is typically elicited when attention is directed to one hemifield over the other. The N2pc has been extensively used to measure attentional selection in visual search, cueing, and distractor suppression tasks. Its amplitude is enhanced when attention must be narrowly focused or rapidly shifted between competing items (Eimer, 1996; Stoletniy et al., 2022). The N2pc differentiates between salience-driven (bottom-up) attentional capture and voluntary (top-down) shifts by being elicited post-stimulus for selective processing of salient features (target singletons in search arrays), but remaining unaffected by preparatory top-down orienting. In Kiss et al. (2008), N2pc amplitudes to salient targets were equivalent regardless of whether informative cues enabled voluntary shifts or uninformative cues prevented them, showing N2pc is not part of voluntary orienting mechanisms. However, an attenuated N2pc to uniform non-target arrays (lacking salience) after informative cues demonstrated top-down spatial modulation without bottom-up capture. This distinction arises from manipulating cue informativeness and target presence, revealing N2pc's role in post-orienting selectivity rather than shifts themselves. The N2pc component is generated at intermediate and late stages of the ventral visual processing pathway (Praamstra, 2006), with single-unit studies indicating that attentional shifts in visual search originate in the prefrontal cortex, frontal eye fields, and posterior parietal cortex before later focusing within the ventral stream (Buschman & Miller, 2007). A simultaneous ERP and single-unit study in monkeys showed selective processing in the frontal eye fields preceding N2pc onset (J. Y. Cohen et al., 2009). Consequently, N2pc does not capture the initial moment of attentional focus on a target but may represent the earliest such focusing in the ventral stream. Structural MRI data was used to model cortical current distribution for left-minus-right target difference waves, applied both individually and to grand averages (constrained by one subject's MRI). It revealed current concentrated over lateral occipitotemporal cortex, aligning with generators in intermediate or higher ventral pathway levels (Hopf et al., 2000). Although late ventral areas exhibit weaker lateralization due to their emphasis on object-invariant representations, retained retinotopy in intermediate stages enables N2pc via top-down modulation from frontoparietal networks, amplifying contralateral activity through recurrent feedback despite reduced spatial precision in higher ventral regions.
[bookmark: _Toc207823456]P300
The P3 (or P300) component reflects later stages of cognitive evaluation and task-related decision-making. It is typically observed as a large centro-parietal positive wave occurring within 300–500 ms after the presentation of an infrequent, task-relevant stimulus (Polich, 2012). It is thought to index context updating in working memory and the reallocation of attentional resources in response to unexpected events (Nieuwenhuis et al., 2005; Polich, 2007). The amplitude and latency of the P3 are modulated by several factors, including stimulus salience, task relevance, and subjective perception of event probability. In go/no-go paradigms (participants are required to respond to "go" stimuli while withholding responses for "no-go" stimuli), larger P3 amplitudes are observed in response to rare go trials, interpreted as reflecting enhanced attentional and control demands (Verleger et al., 2016). The P3 can also be subdivided into P3a and P3b components, with the former associated with novelty detection and the latter linked to task-relevant decision-making. Its scalp topography typically features a fronto-central positivity (P3a) and a parietal positivity (P3b), with polarity inversion sometimes observed in posterior sites. Given its sensitivity to both low-level novelty and high-level task engagement, the P3 provides a rich index of attentional and executive processes in visual tasks.
[bookmark: _Toc207823457]Recap
Together, these components: vMMN, N2pc, and P3 represent a cascade of attentional processing stages, from early, automatic detection of visual irregularities, to spatial selection and orienting, and ultimately to the conscious evaluation and categorization of stimuli. Their temporal resolution and specificity make them powerful tools for dissociating the contribution of attention at multiple stages of perceptual and cognitive processing.
[bookmark: _Toc207823458]Introduction recap
In summary, while ensemble perception is often described as an efficient mechanism for summarizing visual input, its relationship to attention remains incompletely understood. Behavioural and clinical studies provide mixed evidence regarding whether ensemble representations can arise independently of attentional allocation. To address these unresolved questions, the present thesis combines behavioural paradigms with electrophysiological measures - specifically, ERP components sensitive to attentional deployment and stimulus evaluation. This approach allows for a more precise characterization of the attentional requirements for ensemble perception. Following chapter outlines the specific aims of this research, detailing the rationale and objectives of each experimental study included in the thesis.
[bookmark: _Toc207823459]Aims
[bookmark: _Toc196060218][bookmark: _Toc223923947][bookmark: _Toc207823460]Paper I: The role of attention in basic ensemble statistics processing.
In this project we were aiming to investigate the possible automatic nature of basic ensemble computations. In other words, can our visual system detect the ensemble means change while visual attention is focused elsewhere, and ensemble stimuli are task irrelevant to the participant? To do so we use an ERP component - visual mismatch negativity (vMMN) typically linked with pre-attentive detection of change in visual input. 
[bookmark: _Toc207823461]Paper II: Spatially intermixed objects of different feature categories are parsed automatically. 
This study builds on the methodology used in Paper 1 but expands the central question by examining whether attentional resources are involved in the rapid segmentation of spatially intermixed objects. Such parsing or categorization is thought to rely on feature distribution parameters and the extraction of summary statistics from visual scenes. Previous behavioural studies have shown that this type of ensemble-based segmentation occurs at early stages of visual processing and does not benefit from extended exposure time - suggesting that it may operate automatically.
To investigate this, we employed an ERP paradigm using visual mismatch negativity (vMMN) to test whether changes in the statistical structure of unattended line ensembles would elicit a neural mismatch response. The ensembles varied in their categorical structure, defined by the conjunction of line length and orientation, and were manipulated to form either segmentable (bimodal) or non-segmentable (unimodal) feature distributions. Participants’ attention was diverted to an unrelated central task throughout the experiment.


The aims of the study were:
· To determine whether categorical parsing based on ensemble-defined distributions can occur automatically, without the engagement of focused attention, as indexed by the vMMN.
· To examine whether the presence of vMMN depends on the shape of the feature distribution - specifically, whether segmentable, statistically distinct ensembles are more likely to trigger automatic categorization.
[bookmark: _Toc207823462]Paper III: No attention - no ensembles: spatial attention is crucial for accurate ensemble perception.  
The previous two papers used neural markers such as visual mismatch negativity (vMMN) to investigate whether ensemble perception can occur in the absence of attention. While those studies relied on paradigms that probed unattended processing indirectly, the current experiment shifts focus on a direct manipulation of spatial attention to assess its role in ensemble perception.
The primary aim of this study was to test whether accurate ensemble judgments of orientation require spatial attention, or whether they can be made independently of it. To do so, we employed a Posner cueing paradigm in which participants reported either the orientation of a single Gabor patch or the mean orientation of a Gabor ensemble, following valid or invalid spatial cues.
Specifically, we aimed to determine:
· Whether misdirected spatial attention would impair ensemble perception more than single-item perception.
· Whether ensemble perception of low-level features like orientation can be maintained under conditions of spatial uncertainty, or whether it critically depends on focused spatial attention. 
Anton Lukashevich
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1. [bookmark: _Toc207823463][bookmark: _Toc196060219][bookmark: _Toc196060221][bookmark: _Toc223923948]Materials and Methods
The sections below provide a general overview of materials and methods used in the studies comprising the thesis. 
0.1 [bookmark: _Toc207823464]Paper I: The role of attention in basic ensemble statistics processing.
0.1.1 [bookmark: _Toc207823465]Paper I: Participants
24 people participated in Experiment 1 (14 women and 10 men, mean age 25 years). An independent sample of 24 participants was recruited to participate in Experiment 2 (16 women and 8 men, mean age 23 years). All participants had normal or corrected-to-normal vision. All were volunteers and gave written informed consent. 
0.1.2 [bookmark: _Toc207823466]Paper I: Stimuli and Procedure
0.1.2.1 General methods
In both experiments, stimuli were a set of 64 oriented lines drawn from two different orientation distributions. One distribution was constructed by transforming 64 equally spaced numbers between 0.01 and 0.99 using the logit function: log(a/1-a). The number list was shifted and scaled to fit into the 25–75◦ range, where 0 is horizontal and 90 is vertical (adapted from Epstein and Emmanouil, 2021). The resulting distribution was skewed which allowed us to use its mirror reflection to get a new distribution with the same range (25–75◦) and standard deviation (10.41◦) but a different mean (40◦ vs. 60◦). This was important to diminish potential confounds from stimulus changes other than mean orientation that might affect the occurrence of EEG components vMMN and P3. Both the positively skewed (mean 40◦) and negatively skewed (mean 60◦) distributions of orientations can be seen in Fig. 3A. 
As we used skewed orientation distributions, orientations drawn from one tail of such distributions are inherently rarer than those from the other tail. This could cause a potential problem, such that any randomly placed item with a rare orientation would be surrounded by multiple items with frequent orientations. This would create highly salient local patches where individual lines pop out from their surround (Nothdurft, 1993) whose processing can be confounded with ensemble processing. To minimize this possibility, we pregenerated two million random spatial combinations of 64-line orientations from each distribution embedded in an 8x8-cell grid and selected a subset of combinations where no neighboring lines differed in orientation by more than 25◦ from each other. Ensembles of each trial were drawn from these remaining sets. 
[image: ]

[bookmark: _Toc206165350]Figure 3: Paper I, stimuli examples
A. A probability density plot representing the orientation distributions from which stimuli were drawn. The blue graph corresponds to the distribution with a mean of 40 degrees. The orange plot corresponds to the distribution with a mean of 60 degrees. B. Example ensemble stimuli drawn from these distributions. The ensembles consisted of 64 lines randomly spaced on an 8 x 8 grid. The blue frame corresponds to stimuli drawn from the orientation distribution with a mean of 40 degrees. The orange frame corresponds to the stimuli drawn from the distribution with a mean of 60 degrees. The coloured frames are shown here for illustrative purposes and were not presented to participants.
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0.1.2.2 Procedure
In both experiments, participants completed 1,000 trials divided into 10 blocks of 100 trials each. An intertrial interval was 900 to 1100 ms during which an empty gray screen with a fixation dot at screen center was presented. Each block was followed by a pause screen. Five blocks had a standard ensemble mean of 40 degrees and oddball deviant ensemble mean of 60 degrees, and five blocks had standards of mean 60 and deviants of mean 40 degrees. Block order was randomized. 
[image: A screenshot of a video game

AI-generated content may be incorrect.]On each trial, a central fixation cross and 64 lines were presented for 200 ms on a gray background (Fig. 4). The lines drawn from the positive and negative skew distributions served as either standard or deviant conditions, depending on the block. The standard trials were presented more frequently (90 standard trials in each block), while the deviant trials were presented less frequently (10 deviant trials in each block). At the beginning of each block, 10 standard trials were always presented. At least three standard trials were presented between deviant trials. Participants were instructed to maintain fixation on the central cross.
[bookmark: _Toc206165351]Figure 4: Paper I, trial structure in experiments 1 and 2.
 Trials were 200 ms with an inter-trial interval of 900-1100 ms. Coloured frames (added here for illustrative purposes) correspond to the average orientation of the background stimuli (blue: 40 degrees; orange: 60 degrees). (A) An example trial sequence of Experiment 1. Participants were asked to respond to changes of the mean orientation of the white lines, here shown in the second depicted trial marked “press space”.  (B) An example trial sequence of Experiment 2.  Participants were asked to respond to changes of the central cross, here shown in the third depicted trial marked “press space”. The relative sizes of the ensemble, fixation cross and dot are changed for illustrative purposes.
0.1.2.3 Experiment 1
Participants were asked to explicitly detect the change of the mean orientation of the background line ensemble by pressing the space key (Figure 4A). 
Experiment 2
In this experiment, participants were instructed to ignore the background stimuli and detect changes in the orientation of the fixation cross. The cross had two possible orientations: vertical (long vertical line and short horizontal line) or horizontal (long horizontal line and short vertical line). The vertical cross was presented on 70% of trials, while the horizontal cross was presented on 30% of trials. Participants were instructed to press the space key immediately after the orientation of the fixation cross changed (Figure 4B). The time window for response was limited to the inter-trial interval. The fixation cross did not change its shape on deviant ensemble trials or the standard ensemble trial preceding a deviant trial. The proportion of background deviant ensembles was kept at 10% as in Experiment 1.
[bookmark: _Toc207823467]Paper I: Apparatus
EEG was recorded using ActiChAmp amplifier by Brain Products using 32 Ag/Cl active electrodes. Electrodes were applied using ActiCap 10-20 system with FCz as reference at 1000 Hz discretization rate. 
0.1.3 [bookmark: _Toc207823468]Paper I: Data Analysis
0.1.3.1 Experiment 1
Behavioural performance was assessed by accuracy on the central task, with correct responses defined as pressing the spacebar for deviant trials and withholding responses for standard trials.
EEG data were epoched from -200 ms to 600 ms relative to stimuli onset, including only trials with correct behavioural responses. Standard trials preceding deviants were compared to deviant trials. Mean amplitudes for standard and deviant stimuli were analyzed in frontal, central, and parietal electrodes (Fz, F3-F8, AFz, Cz, Pz) using repeated-measures ANOVA and Bayesian statistics in a 300–500 ms window to detect P3, a marker of attentional processing. Multivariate pattern analysis (MVPA) classified standard vs. deviant stimuli, testing accuracy against chance (50%) across time points. 


0.1.3.2 Experiment 2
EEG data were epoched into 700-ms segments, including a 200-ms pre-stimulus baseline, with standard trials preceding deviant trials (ensemble orientation mean changes). Mean amplitudes for standard and deviant epochs were compared in posterior electrodes (O1, O2, Oz, PO7, PO8) using repeated-measures ANOVA and Bayesian statistics in a 160–260 ms window to detect vMMN, a marker of automatic processing. A later 300–500 ms window assessed P3 to evaluate awareness of deviant ensemble stimuli. MVPA supplemented the analysis by classifying EEG response from standard vs. deviant ensemble stimuli.
0.2 [bookmark: _Toc207823469]Paper II: Spatially intermixed objects of different feature categories are parsed automatically.
0.2.1 [bookmark: _Toc207823470]Paper II: Participants
20 people (16 women and four men, mean age 23 years) participated as volunteers. All had normal or corrected-to-normal vision and gave written informed consent. 
0.2.2 [bookmark: _Toc207823471]Paper II: Stimuli and Procedure
We generated texture sets of 64 white lines randomly fit in an 8 × 8-cell square grid. Lines varied in length and orientation (16 unique length values and 16 unique orientation values). A small black cross with either a longer vertical or longer horizontal hand was placed in the center of the texture and used both for gaze fixation and for the central attention-engaging central task. 
The distributions of lengths and orientations among textural elements (lines) were manipulated in terms of their shape to provide different degrees of “segmentability”. In each of the dimensions (length and orientation), the distribution could be either “segmentable” (two-peaks distribution consisting of only extreme values presented in equal proportions) or “non-segmentable” (uniform distribution consisting of extremes and all transition steps in equal proportions). Given the orthogonal manipulation of segmentability in length and orientation, we had four segmentability conditions: “both” (length and orientation are segmentable), “orientation” (only orientation is segmentable), “length” (only length is segmentable), and “none” (none of the features are segmentable). Fig. 5A illustrates these four conditions.
Importantly, lengths and orientations were strictly correlated within each display, but the sign of this correlation was different across displays. If a correlation was r = − 1 then the longer the line, the steeper it was (Fig. 5A, top row). If a correlation was r = 1 then the longer the line, the flatter it was (Fig. 5A, bottom row). The sign of correlation was the only determinant of statistical differences between textures within each segmentability condition, whereas the feature distributions stayed constant and individual elements randomly changed their locations. 
The experiment had a within-subject blocked design. Each block consisted of a series of standard and deviant stimuli belonging to the same segmentability condition and differing only in the sign of length-orientation correlation. Each stimulus was presented for 200 ms followed by an interstimulus interval of 400 ms. Participants were instructed to fixate a central cross and track its changes over time (central oddball task) by pressing a button whenever the cross changed its orientation from vertical to horizontal (Fig. 5B). This central task was used to divert attention from textures. Central changes could occur only in standard trials. Oddball events for the cross and for the background textures were assigned to random, uncorrelated temporal positions in a block. 
Each participant was exposed to eight blocks of trials (4 segmentability conditions × 2 length-orientation correlations in a deviant vs. standard stimulus). The order of blocks was randomized across participants. The overall number of trials per block was 700 (630 standard and 70 deviant stimuli).


[image: ]
[bookmark: _Toc206165352]Figure 5: Paper II, stimuli and trial structure.
(A) Example stimuli used in the four segmentability conditions of the experiment with two possible length-orientation correlations. Upper row represents r= -1.0: the longer the line, the steeper it is. Lower row represents r= 1.0: the longer the line the flatter it is.  (B) The time course of a typical trial in the experiment (“both” condition). Participants were instructed to press the “D” button whenever the central cross changed its orientation. In the oddball trials, the background texture changed the length-orientation correlation to the opposite. 



[bookmark: _Toc207823472]Paper II: Apparatus
EEG was recorded using the ActiCHamp amplifier with 64-channel active AgCl electrodes (actiCHamp Plus, Brain Products GmbH, Gilching, Germany) placed on the scalp according to the modified 10–20 system. The horizontal electrooculogram was recorded with a bipolar configuration between electrodes positioned lateral to the outer canthi of the two eyes. Vertical eye movements were monitored with a bipolar montage between electrodes placed above and below the right eye. After recording, the data was referenced to the grand average.
0.2.3 [bookmark: _Toc207823473]Paper II: Data Analysis
Behavioural performance was evaluated through accuracy on the central task, with errors defined as misses (failing to detect a cross-orientation change) or false alarms (incorrectly reporting a change).
For ERP analysis, 700-ms epochs, including a 200-ms pre-stimulus baseline, were extracted, excluding trials with central cross changes. Standard and deviant trials were averaged separately for each segmentability condition. Difference waves (deviant minus standard responses) were computed to isolate vMMN, using electrodes O1, Oz, O2, P1-P8, POz, PO3, PO4, PO7, and PO8. Point-by-point t-tests within a 100–400 ms window identified significant negative deflections indicative of vMMN, requiring at least 24 ms of consecutive significance. Mean amplitudes of these difference waves were compared across conditions using repeated-measures ANOVA and Bayesian statistics to assess vMMN presence and differences between segmentability conditions.

0.3 [bookmark: _Toc207823474]Paper III: No attention - no ensembles: spatial attention is crucial for accurate ensemble perception.
0.3.1 [bookmark: _Toc207823475]Paper III: Participants
The overall sample included 30 students (mean age 20, 10 men, 20 women) who participated in exchange for partial course credit. All participants reported normal or corrected-to-normal vision and gave written informed consent.
0.3.2 [bookmark: _Toc207823476]Paper III: Stimuli and Procedure
Each trial began with a fixation cross displayed at the center of the screen. The fixation cross was shown for an interval of 2000-2500 ms. A precue (white arrow) was then presented for 200 ms, indicating the likely side (left or right) of upcoming task-relevant target stimuli. Following a variable random interval of 300–500 ms, bilateral stimuli were shown for 300 ms, succeeded by bilateral random noise masks for 150 ms. Next, one side (left or right) was highlighted with a white rectangle contouring the previous stimulus location (target side). 
Stimuli were differently oriented Gabor patches. Stimuli could be shown as one object on each side of the screen (single conditions) or as a set of stimuli, one ensemble on each side of the screen (ensemble conditions).
[image: ]Participants were instructed to indicate whether the (mean) stimulus orientation of the highlighted postcued target side was clockwise (press ‘L’) or counterclockwise (press ‘A’). In 80% of trials (valid trials), the target side matched the precued side; in 20% (invalid trials), it did not. Participants were not informed about the presence of invalid trials.(Figure 6). Each participant completed 2 blocks of trials – one with single objects and one with ensembles (120 total trials per block). Block order was random for each participant. Within each block the amount of right and left precues were equal, trial order within a block was random. [bookmark: _Toc206165353]Figure 6: Paper III, trial structure

Upper panel represents congruent trial: pre-cue is aligned with the post-cue. Lower panel represents incongruent trial: pre-cue is orthogonal to post-cue. 


In the single object task, two Gabor patches were presented, one on each side of a central fixation cross. The orientation of each Gabor was randomly drawn from a normal distribution with a mean of 25 degrees (clockwise) or -25 degrees (counterclockwise) from vertical (standard deviation: 20 degrees), truncated to 0.5 to 30 degrees or -0.5 to -30 degrees, respectively. This ensured strictly clockwise or counterclockwise orientations. 
In the ensemble task, two sets of 16 Gabor patches each were displayed on 4×4 grids to the left and right of a central fixation cross, with individual positions jittered on each trial. The orientations within each set were drawn from a normal distribution with a mean of 25 degrees (clockwise) or -25 degrees (counterclockwise) and a standard deviation of 20 degrees, allowing both clockwise and counterclockwise orientations within each set. Examples of a stimuli presented in Figure 7.
[bookmark: _Toc207823477]Apparatus
EEG data were recorded using an ActiCHamp amplifier with 32-channel active AgCl electrodes (ActiCHamp Plus, Brain Products GmbH, Gilching, Germany), referenced to the FCz electrode. Electrodes were positioned according to the 10-20 system. Horizontal eye movements and blinks were monitored using electrode pairs FT9/FT10 (HEOG) and Fp1/Fp2 (VEOG).


[image: ]
[bookmark: _Toc206165354]Figure 7: Paper III, stimuli example

Example of ensemble stimuli used in the task (upper panel). Distributions used to create both single and ensemble stimuli (lower panel). In the single object task, each distribution was truncated from 0.5 to 30 degrees in the clockwise condition and -30 to -0.5 in counterclockwise condition. 0 degrees represents a vertical orientation.



0.3.3 [bookmark: _Toc207823478]Paper III: Data Analysis
EEG
The continuous EEG was epoched into segments from -200 ms to 600 ms relative to Gabor stimuli onset. For left-precued trials, contralateral electrodes were P8 and P4, while ipsilateral were P7 and P3; for right-precued trials, contralateral electrodes were P7 and P3, and ipsilateral were P8 and P4. Epochs were averaged across trials for each task to create contralateral and ipsilateral waveforms. We looked for the presentation of an N2pc component by comparing mean amplitudes for ipsi- and contralateral signals in a 200 to 350 ms time window using a paired t-tests.
Multivariate pattern analysis (MVPA) using support vector machine (SVM) classification was applied to the previously preprocessed and epoched data. Decoding of right attended trials versus left attended trials was based on 31 electrodes (reference excluded). Mean classification accuracy (proportion of correct classifications) across participants was then compared to a chance level of 50% using a one-sample t-test.
Behavioural performance
Behavioural performance was assessed using d′ to evaluate participants’ ability to discriminate between clockwise and counterclockwise stimuli. Cueing effects in the single and ensemble conditions were analyzed by comparing d′ values for valid and invalid trials using paired t-tests. To determine whether participants performed above chance on invalid trials, we also conducted one-sample t-tests comparing d′ to zero.
[bookmark: _Toc207823479]Results Paper I
This study investigated whether the visual system could automatically detect changes in ensemble means when visual attention was directed elsewhere and ensemble stimuli were task-irrelevant. We utilized the visual mismatch negativity (vMMN) ERP component, associated with pre-attentive detection of changes in visual input, to explore this automatic processing.
[bookmark: _Toc207823480]Experiment 1
Behaviour
A signal-detection discriminability measure, d’, was calculated as a z(HR) - z(FA) for each participant, where HR (hit rate) is a proportion of correctly detected deviant stimuli and FA (false alarm rate) is a proportion of standard stimuli that participants responded to with a button press. The average d’ was 3.1 (SD = 1.0) (86% correct answers), which is consistent with high sensitivity to attended changes in average orientations.

EEG
P300. The mean amplitude in the time window (300 - 500 ms) for standard and deviant waveforms in frontal, central, and parietal electrodes (Fz, F3, F4, F5, F6, F7, F8, AFz, Cz, Pz) was compared using repeated-measures ANOVA (Fig. 8). The analysis revealed significant differences in mean amplitude between standard and deviant stimuli (F(1,22) = 19.51, p < .001, η²p = 0.47, logBF10 = 4.753). An effect of electrode site was revealed (F(2.81,61.84) = 7.29, p < .001, η²p = 0.25, logBF10 = 7.379), as well as an interaction between stimulus type (standard and deviant ensemble) and electrode (F(3.47,76.43) = 17.81, p < 0.001, η²p = 0.45, log BF10 = 12.094). Post-hoc comparisons revealed significant differences between standards and deviants in sites AFz (t = 4.728, pholm < .001), F3 (t = 4.229, pholm = 0.0003), F4 (t = 4.446, pholm < .001), F5 (t = 4.636, pholm < .001), F6 (t = 4.974, pholm < .001), F7 (t = 4.423, pholm < .001), F8 (t = 6.003, pholm = .003), Fz (t = 2.938, pholm = .008), and Pz (t = -5.940, pholm < .001). 

[bookmark: _Toc206165355]Figure 8: Paper I, P300 results of Experiment 1
Grand average waveforms in electrodes used for P3 analysis for standard vs. deviant ensembles. All sites except Cz showed a significant P3 (revealed by post hoc comparisons) elicited by changes in attended ensemble means in Experiment 1. Shaded areas around lines show ±1 standard error of the mean with subtracted inter-subject variability. The time window of 300 to 500 ms used in the P3 analysis is highlighted.
The scalp potential distribution of the difference wave between activity in response to standards and deviants (Fig.9) showed the expected dipole signal distribution between frontal and posterior electrode sites in a time window of 300 to 500 ms. Those spatial and temporal characteristics are common for P3 (Polich, 2007). 
[bookmark: _Toc206165356][image: Изображение выглядит как текст, снимок экрана, Шрифт, диаграмма

Автоматически созданное описание]Figure 9: Paper I, P300 scalp distributions for Experiment 1
Scalp potential distribution of a difference wave between standard and deviant waveforms in Experiment 1. An expected dipole pattern (more positive in frontal regions and negative in posterior) is observed in the P3 time window (300 to 500 ms, highlighted by the frame box). 



Decoding
MVPA decoding accuracy for standard and deviant ensembles is plotted in Fig. 10. We tested the accuracy at each time point against chance level (50%). Decoding at the following time windows were significantly higher than chance: 275 ms - 308 ms, 406 - 463 ms, 475 - 599 ms.
[bookmark: _Toc206165357][image: A graph showing a graph

AI-generated content may be incorrect.]Figure 10: Paper I, decoding results for Experiment 1 
MVPA decoding accuracy for classification of standard vs. deviant ensemble stimuli in Experiment 1. the red line represents the chance level (50%). the error ribbon represents +/-1 SE with subtracted inter-subject variability. the shaded time periods highlight significant deviance from chance level.
[bookmark: _Toc207823481]Experiment 2
Behaviour 
To estimate participants’ engagement in the central attentional task, the signal-detection theory sensitivity index d’ was calculated the same way as in Experiment 1, but now for the detection of the central fixation cross. The average d’ across participants was 4.3 (SD = 0.8) (97% correct answers). Based on such good performance (as well as EEG markers of attentional processing of the central fixation stimuli, see Supplementary Material), we conclude that our participants were attentionally engaged in the central task, which is important for the interpretation of the potential vMMN as a neural response to unattended stimuli (oriented ensembles).


EEG
vMMN
We compared mean ERP amplitudes to unattended background ensemble mean changes (deviants) and their preceding standard background ensembles in the vMMN time window of 160 to 260 ms using repeated measures ANOVA (electrodes: O1, O2, Oz, PO7, PO8). A Greenhouse-Geisser correction of degrees of freedom was applied as needed. No effect of stimulus type was found (F(1, 23) = 0.359, p = 0.555, η²p = 0.007, logBF10 = -0.505) indicating comparable responses to both standard and deviant stimuli within the specified time window. No effect of electrode was found (F(1.46, 32.573) = 1.250, p = 0.289, logBF10 = -0.748) and there was no interaction between electrode site and stimulus type (F(1.302, 29.955) = 0.868, p = 0.487, logBF10 = -0.935). Grand average ERP for standards and deviants, difference waves (standard minus deviant) in posterior electrode sites and scalp distributions of difference waves are displayed in Fig. 11 and Fig. 12.


[image: Изображение выглядит как текст, диаграмма, число, График][bookmark: _Toc206165358]Figure 11: Paper I, vMMN results for Experiment 2

Panel A: Grand average waveforms in posterior electrodes (PO7, PO8, O1, O2, Oz) in Experiment 2 for standard vs. deviant ensembles. Shaded areas around lines show ±1 standard error of the mean with subtracted inter-subject variability. The time window of 160 to 260 ms used in the vMMN analysis is highlighted. Panel B: Grand average difference waveforms (Standard - Deviant) in posterior electrodes (PO7, PO8, O1, O2, Oz) in Experiment 2. Shaded areas around lines show ±1 standard error of the mean with subtracted inter-subject variability

[image: ][bookmark: _Toc206165359]Figure 12: Paper I, scalp distributions for Experiment 2

Scalp potential distribution of a difference wave between standard and deviant waveforms in Experiment 2. Time window selected for analysis was 160 to 260 ms. The colour scale is kept identical to that of Figure 4 from Experiment 1
Decoding
[image: A graph of a graph of a graph

AI-generated content may be incorrect.]Similar to Experiment 1, we applied MVPA to the standard vs. deviant ensemble EEG data. Decoding accuracy was tested against chance level at each time-point (Holm correction applied for multiple comparisons; Fig. 13a). Unlike Experiment 1, where changes in ensemble means were attended and task-relevant, the unattended and task-irrelevant changes in ensemble means could not be decoded in Experiment 2. The attended changes in the central fixation cross, on the other hand, could easily be decoded with great accuracy (Fig. 13b).[bookmark: _Toc206165360]Figure 13:Paper I, decoding results for Experiment 2

Red line represents the chance level (50%). Ribbons represent +-1 SE with subtracted inter-subject variability. Panel A: Decoding accuracy between standard and deviant ensemble stimuli in Experiment 2. Decoding accuracy was not significantly above chance. Panel B: Decoding accuracy between standard and deviant fixational cross stimuli in Experiment 2. 


Central task
[image: ]The mean amplitude in the time window of 300 to 500 ms for standard fixation cross and deviant fixation cross waveforms in frontal, central, and parietal electrodes (Fz, F3, F4, F5, F6, F7, F8, AFz, Cz, Pz) was compared using repeated-measures ANOVA. The analysis revealed significant differences in mean amplitude between standard and deviant stimuli (F(1,23) = 6.25, p = 0.020, η²p = 0.214). An effect of electrode site was revealed (F(3.17,73.02) = 3.676, p = 0.014, η²p = 0.138). There was no interaction between stimulus type and electrode (F(1.56,35.95) = 1.381, p = 0.261, η²p = 0.057). Post-hoc comparisons revealed significant differences between standards and deviants in sites F3 (t = 2.74, pholm = 0.020), F5 (t = 2.49, pholm = 0.020), Pz (t = 2.50, pholm = 0.020), AFz (t = 2.71, pholm = 0.013), Cz (t = -2.37, pholm = 0.026); Figure 14).
[bookmark: _Toc206165361]Figure 14: Paper I, scalp distributions for central task in Experiment 2
Scalp potential distribution of a difference wave between standard and deviant waveforms for the central fixation cross stimuli in Experiment 2. Time window selected for analysis is highlighted.


[bookmark: _Toc207823482]Results Paper II
This study investigated whether categorical parsing of spatially intermixed objects, based on ensemble-defined feature distributions, occurred automatically without focused attention, as indexed by the visual mismatch negativity (vMMN) ERP component. Additionally, it examined whether vMMN presence depended on the feature distribution's shape, specifically whether segmentable (bimodal) ensembles were more likely to trigger automatic categorization compared to non-segmentable (unimodal) ensembles.
[bookmark: _Toc207823483]Behaviour
The percentages of correct answers in the central task were very high (> 92%) in all segmentability conditions. Presumably, most of the errors were caused by a short time window to respond (i.e., a participant noticed a central change but pressed the button too late, when the next trial has already started). This led to a recognizable pattern in the data: a trial with the change is marked as a miss and a next trial is marked as a false alarm. Overall, we found no effect of segmentability on the error rate (F(3,42) = 1.859, p = 0.145, η2p = 0.119, BF10 = 0.564. Based on such good performance rates, we conclude that our participants were attentionally engaged in the central task in all texture segmentability conditions. This lets us conclude that observers’ attention was mostly diverted from the background textures, which is important for the interpretation of the vMMN.
[bookmark: _Toc207823484]EEG
We revealed a reliable early negative deviation from the baseline within a 150–236 ms time window for the “both” condition, within 154–266 ms for the “length” condition, and within 188–220 for the “none” condition. These deviations in the “both” and the “length” conditions had earlier latencies than that in the “none” condition. For the “orientation” condition, we found no reliable deviation from the baseline. Based on this, we defined our time window of interest as 150–266 ms to grasp a potential vMMN in all conditions at early stages of visual processing. In addition, we discovered the presence of a second negative “component” in some of the conditions, namely, within 294–360 ms for the “both” condition, 318–362 ms for the “length” condition, and 268–314 ms for the “orientation” condition (Fig. 15). However, such components with latency more than 300 ms likely reflect processes involving attention to some degree. We did not include these latencies in our time window of interest because our primary focus is on early, pre-attentive, automatic processing of stimuli. Mean amplitudes of difference waves were calculated for the time window of 150–266 ms. Direct comparisons against zero (left tailed t-test) showed evidence of the presence of the vMMN for the “both” (t(14) = 3.572, p = 0.002, Bonferroni corrected α = 0.012, dz = 0.922, BF10 = 29.768) and the “length” (t(14) = 2.833, p = 0.007, dz = 0.732, BF10 = 8.741) conditions. For the “none” condition, we obtained borderline results (t(14) = 2.538, p = 0.012, Bonferroni corrected α = 0.012, dz = 0.655, BF10 = 5.45) and the “orientation” condition showed no evidence for the vMMN (t(14) = 1.011, p = 0.165, dz = 0.216, BF10 = 0.667). Repeated-measures ANOVA showed no effect of segmentability on the mean amplitude of difference waves (F(1.763, 24.681) = 2.035, p = 0.156, η2p = 0.127, BF10 = 0.95). Note that Mauchly’s tests indicated the violation of the assumption of sphericity (χ2(5) = 15.849, p = 0.007) so degrees of freedom, F-statistic, and p-values were corrected using Greenhouse–Geisser correction. [bookmark: _Toc206165362]Figure 15: Paper II, EEG results

[image: ]EEG results of the experiment: (A) grand average waveforms with difference waves in posterior electrode sites in each of the segmentability conditions. (B) The scalp distribution of the event-related potential in different segmentability conditions split by temporal windows. (C) Grand averages of the difference waves as a function of the stimulus condition. Created using: BrainVision Analyzer, Brain Products GmbH, Gilching, Germany.

[bookmark: _Toc207823485]Results Paper III
This study investigated whether accurate ensemble judgments of orientation require spatial attention or can occur independently of it. Using a Posner cueing paradigm, we tested participants’ ability to report either the orientation of a single Gabor patch or the mean orientation of a Gabor ensemble following valid or invalid spatial cues. Specifically, we aimed to determine whether misdirected spatial attention impairs ensemble perception more than single-item perception and whether ensemble perception of low-level features like orientation can be maintained under spatial uncertainty or critically depends on focused spatial attention.
[bookmark: _Toc207823486]Single object task
Behaviour
In the invalid cue condition, participants demonstrated a mean d' of 0.39 (SD = 1.02), with a median of 0.39 and a range spanning from –1.15 to 3.41, suggesting performance slightly above chance. A one-sample t-test confirmed that this performance was significantly different from chance, t(29) = 2.12, p = .042, dz = 0.38. In the valid cue condition, the mean d' increased to 1.29 (SD = 1.49), with a median of 1.29 and a range from –1.64 to 4.48. A paired t-test comparing valid and invalid trials revealed a significant cueing effect, t(29) = –3.42, p = .002, dz = 0.68, indicating better performance when attention was correctly directed (Fig. 16a).
EEG
A paired-samples t-test comparing ERP amplitudes contralateral versus ipsilateral to the cued location revealed a significant effect of spatial attention, t(29) = –2.78, p = .009, dz = 0.51, with lower amplitudes observed contralaterally. This is consistent with the presence of an N2pc component within the 200–350 ms time window. Both grand averages and difference wave are plotted on Figure 17 a&c respectively. 
Mean decoding accuracy for classifying the attended (precued) hemifield across all single-object trials was 57% (SD = 11 percentage points). A one-sample t-test confirmed this was significantly above chance (50%), t(29) = 3.56, p = .001, indicating successful decoding of attentional direction from the EEG signal (Fig. 18a).
[bookmark: _Toc207823487]Ensemble task
Behaviour
In the invalid cue condition, the mean d' was –0.07 (SD = 1.49), with a median of –0.14 and a range of –3.02 to 3.63, indicating performance at chance level. A one-sample t-test confirmed no significant deviation from chance, t(29) = –0.27, p = .788, dz = –0.05. In contrast, the valid cue condition yielded a mean d' of 0.90 (SD = 1.26), with a median of 1.16 and a range of –2.78 to 2.77. A paired t-test comparing valid and invalid trials revealed a significant cueing effect, t(29) = 3.10, p = .004, dz = 0.68 (Fig. 16b).
EEG
Contrary to the single-object task, a paired-samples t-test comparing contralateral and ipsilateral ERP amplitudes in the ensemble condition did not yield a significant difference, t(29) = 0.75, p = .46, dz = –0.14, suggesting no robust N2pc component in response to ensemble stimuli. Both grand averages and difference wave are plotted on Figure 17b&d respectively. 
[image: A screenshot of a graph

AI-generated content may be incorrect.]However, decoding analyses revealed a mean accuracy of 57% (SD = 8 percentage points) in classifying the attended hemifield during ensemble trials. A one-sample t-test showed this was significantly above the 50% chance level, t(29) = 4.35, p < .001, confirming that the direction of attention could still be reliably decoded from EEG data (Fig. 18b).[bookmark: _Toc206165363]Figure 16: Paper III, behavioural results

Boxplots depict the sensitivity (d') of orientation judgments on valid (red) and invalid (cyan) trials in the single object task (panel A) and the ensemble task (panel B). In both tasks, a cueing effect is observed as indicated by a significant drop in performance from valid to invalid trials (** p < 0.01). Each box represents the interquartile range (IQR), spanning the 25th to 75th percentiles of the data. The horizontal line within each box indicates the median. Whiskers extend to the most extreme values within 1.5 × IQR of the lower and upper quartiles. Dots represent outliers, defined as values falling below the 25th percentile minus 1.5 × IQR or above the 75th percentile plus 1.5 × IQR.


[bookmark: _Int_GkUddZiQ][image: ]ERP waveforms time-locked to bilateral Gabor stimuli presentation. Orange line - electrodes contralateral to the precued side, blue - ipsilateral. Time window selected for analysis (200 to 350 ms) is highlighted with a grey rectangle. Lower graphs stand for difference wave (ipsilateral minus contralateral amplitude). Ribbons represent 95% confidence intervals. Left panel - single condition. Right panel– ensemble condition. [bookmark: _Toc206165364]Figure 17: Paper III, ERP results
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AI-generated content may be incorrect.][bookmark: _Toc206165365]Figure 18: Paper III, decoding results

Anton Lukashevich

MVPA decoding accuracy for classification right attended versus left attended stimuli in single and ensemble tasks. Time 0 ms represents the onset of bilateral Gabor stimuli. The red line represents chance decoding level (50%). The error ribbon represents ± 1 SE with subtracted inter-subject variability. The shaded time periods highlight significant deviance from chance level (one-sample t-test). Panel A reflects the single object condition. Panel B reflects the ensemble condition.
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[bookmark: _Toc207823488]Discussion
The first study aimed to test whether the visual system registers changes in ensemble mean under conditions of inattention. Using ERP markers of automatic and attentional processing (vMMN and P3) we compared responses to ensemble changes when participants were either attending to the stimuli (Experiment 1) or when ensemble stimuli were entirely task-irrelevant (Experiment 2). While participants reliably detected changes in ensemble mean when attended which was supported by both behavioural accuracy and a robust P3 - no vMMN or P3 in response to ensemble mean change was observed under inattention. This suggests that changes in ensemble mean are not processed automatically when attention is withdrawn, even though identical stimuli were easily discriminated when attended.
In the second study, a vMMN paradigm was used to investigate whether the visual system can automatically segment spatially intermixed objects into categorical subsets based on the shape of their feature distributions -specifically, the presence of one- or two-peaked distributions in length and orientation. The experiment included four segmentability conditions: both features segmentable (two-peaked distributions for length and orientation), only length segmentable (two-peaked for length, unimodal for orientation), only orientation segmentable (two-peaked for orientation, unimodal for length), and neither segmentable (unimodal distributions for both). The results showed that vMMN was elicited when both feature distributions were segmentable (“both” condition), and to a lesser extent when only length was segmentable. No vMMN was observed when only orientation was segmentable or when both features lacked distinct peaks. These results indicate that the visual system can rapidly and automatically categorize elements based on ensemble statistics, but this capacity depends on the segmentability of the underlying distributions. Importantly, these findings mirror earlier behavioural results using similar stimuli and support the idea that early categorization of ensemble structure is possible without focused attention, at least when supported by clear distributional features.
The third study directly tested the necessity of spatial attention for ensemble perception by manipulating cue validity in the Posner cueing paradigm. Participants judged either the mean orientation of an ensemble of Gabor patches or the orientation of a single Gabor, depending on condition. Performance dropped significantly when attention was misdirected to the incorrect side. Notably, ensemble discrimination fell to chance levels on invalid trials, providing strong evidence that spatial attention is essential for the accurate extraction of ensemble statistics. EEG decoding further confirmed attentional allocation to cued stimuli, while the absence of the N2pc component for ensemble trials suggests a potentially distinct attentional mechanism in ensemble processing compared to target-based attention.
Overall, these studies investigated different aspects of attentional involvement in ensemble perception. Studies I and II focused on the potential pre-attentive, automatic nature of ensemble perception, whereas Study III examined the role of spatial attention. The results demonstrate a coherent pattern: across all studies, we observed impaired ability to discriminate ensemble features when attention was withdrawn or misdirected. This was evident in the absence of a vMMN response to mean orientation changes in Study I and to orientation-based distributional properties (correlation between length and orientation) in Study II, and in chance-level performance under invalid spatial cueing in Study III. However, Study II revealed that automatic segmentation was possible for length-based distributions, eliciting vMMN when length was segmentable (two-peaked distributions), particularly in the “both” condition and to a lesser extent when only length was segmentable. In contrast, orientation-based segmentation failed to elicit vMMN when defined solely by orientation structure, reinforcing that orientation-based ensemble perception requires attentional involvement, while length-based processing can occur more automatically.
The feature-specific differences observed may reflect how the visual system encodes orientation and length information. Field (1989; 1987) demonstrated that cortical neurons are tuned to efficiently represent the statistical structure of natural images, with early visual cells optimized for features that dominate natural scenes. In this context, length may function as a lower-spatial frequency or composite feature - meaning it can be inferred from broad, coarse-scale spatial information (object envelope or overall extent) and may be computed through the integration of multiple spatial cues rather than narrowly tuned detectors. This makes length more robust to attentional limitations, potentially allowing for automatic processing. Notably, length, or size in general, is an asymmetrical sensory dimension, in the sense that larger elements tend to be more salient than smaller ones (Treisman & Gormican, 1988; Treisman & Gelade, 1980), which may enhance its accessibility under limited attention. Behavioural findings by Oriet and Brand (2011) support this view, showing that size averaging occurs even when irrelevant stimuli are explicitly ignored, suggesting that summary statistics for size are computed automatically and pre-attentively. This interpretation is consistent with the reliable vMMN observed for length-based segmentation in Study II. However, an alternative explanation is that the length contrasts in our stimuli were larger than orientation contrasts, potentially facilitating segmentation independently of attentional demands.
In contrast, orientation is typically represented by higher-frequency channels and narrow tuning in early visual areas, making it more reliant on focused attention for accurate encoding. While orientation can serve as a cue for subset parsing in ensemble displays, previous behavioural studies suggest it is a less effective basis for categorical segmentation compared to size or length (Inverso et al., 2016; Oriet & Brand, 2013). This limitation is echoed in our findings in Study I, where ensemble orientation failed to elicit automatic processing markers, and in Study III, where it yielded chance-level performance under spatially misdirected attention. These results align with models proposing that ensemble perception depends on distributed attention mechanisms that preferentially support salient, low spatial frequency cues (Baek & Chong, 2020b) supporting our evidence that ensemble perception is attention-modulated rather than fully automatic.
View on Automaticity:
This pattern challenges prior views on automaticity in ensemble perception. A substantial body of research suggests that ensemble perception is automatic, implicit, and even obligatory (Parkes et al., 2001). At first glance, our results appear to contradict this view. If the vMMN is absent, it implies that no statistical regularity has been encoded - there is no internal model for the deviant stimulus to violate. In our data, the visual system seems unable to register changes in the mean orientation of unattended ensemble stimuli in Study I, nor does it encode the distributional structure of orientation when only orientation is ‘segmentable’ (two-peaked distribution; Study II). However, vMMN was elicited when both length and orientation distributions were segmentable, suggesting orientation-based segmentation can occur automatically when supported by length. This interpretation is further supported by prior work showing that orientation changes in single, unattended objects reliably elicit vMMN (Czigler, 2007). The failure to observe vMMN in our ensemble-based paradigms for orientation alone suggests a limitation in the system’s capacity to extract ensemble statistics automatically, at least for orientation.
Findings from crowding studies are often cited as strong evidence that ensemble perception operates automatically. In these paradigms, observers are unable to report individual items due to peripheral crowding yet can accurately extract ensemble-level information such as average size or orientation (Parkes et al., 2001). However, crowding does not necessarily imply the absence of attention - it primarily limits item-level access while preserving spatial focus on the ensemble region. In contrast, our paradigm in Study I tested ensemble encoding under conditions where ensemble stimuli were not only task-irrelevant but also spatially unattended. The absence of a vMMN under these conditions suggests that, while ensemble perception may operate under limited item resolution, it still requires some degree of attentional accessibility. Thus, our findings do not contradict crowding-based evidence but instead refine it: ensemble perception can be robust to perceptual degradation, yet not fully independent of attention. Furthermore, as in crowding paradigms, similar claims of automatic ensemble processing have been made based on masking paradigms, where individual items are rendered invisible through object substitution or rapid presentation. Studies have shown that masked elements can still influence ensemble judgments, such as mean size or emotion (Choo & Franconeri, 2010; McNair et al., 2017). However, as with crowding, these paradigms typically present ensemble stimuli at attended locations or in task-relevant contexts. Masked items may escape conscious access, but the ensemble as a whole often remains behaviourally prioritized. In contrast, our studies removed both item-level visibility and task relevance by placing ensemble stimuli in unattended regions and diverting attention elsewhere. The lack of neural markers of ensemble encoding in such contexts (absent vMMN in Study I) suggests that stimulus-driven salience is not sufficient; attentional access to the ensemble field is still required. These findings thus help to specify the conditions under which ensemble perception persists, emphasizing that it may be unconscious or implicit, but not fully attention-free.
Accordingly, this apparent contradiction may stem from differing definitions of automaticity, as well as from key paradigmatic differences. In many studies reporting automatic ensemble perception, the ensemble stimuli were either task-relevant or, as in the case of Chetverikov (2019), available for passive viewing - or even served as distractors in a visual search task. In such designs, ensemble features could be attended and briefly encoded because they were task-relevant, which aligns well with the view that ensemble perception relies on distributed attention mechanisms (Baek & Chong, 2020a).
In contrast, under conditions of high attentional load at fixation and when ensemble stimuli are both task-irrelevant and spatially backgrounded, as in our studies, averaging does not appear to occur. This stricter definition of automaticity, requiring that ensemble processing take place in the absence of task relevance and focused attention, may explain why vMMN was not observed.
It is also worth noting several methodological limitations. One possibility is that the differences between standard and deviant stimuli were not sufficiently salient to exceed the threshold necessary for automatic discrimination of summary statistics. Thus, failures to detect ensemble changes may not reflect the complete absence of ensemble processing, but rather its sensitivity to feature magnitude and attentional competition.
Extending these insights, Study III offers complementary evidence by directly manipulating spatial attention. Using a Posner cueing paradigm, participants were required to judge the mean orientation of ensembles presented in either visual hemifield. Crucially, when attention was misdirected to the opposite side, performance dropped to chance, despite identical stimulus properties across conditions. This finding underscores that stimulus accessibility via spatial attention is a necessary condition for accurate ensemble perception. Previous studies have shown that some ensemble features, such as average size or numerosity, can be extracted under divided attention or when presented peripherally (Alvarez & Oliva, 2008; Choo & Franconeri, 2010), suggesting a degree of robustness. However, our results align more closely with findings that certain ensemble features, particularly orientation, require focused spatial attention (Jackson-Nielsen et al., 2017; McNair et al., 2017). Thus, Study III reinforces the broader conclusion that ensemble perception depends not only on the presence of attention but also on its effective spatial deployment.
Nevertheless, this apparent dependence on spatial attention does not necessarily preclude the possibility that some form of low-level integration takes place in the absence of focused attention. For example, Moore and Egeth (1997) demonstrated that Gestalt-based grouping can occur under conditions of inattention, yet the resulting patterns may not be consciously accessed or retained in memory. A similar interpretation may apply to our findings: while unattended ensemble stimuli may trigger early integration mechanisms, this processing might remain inaccessible for report or decision-making unless spatial attention is directed to the relevant location. Indeed, recent behavioural work has shown that unattended ensembles can still influence the perception of concurrently attended stimuli, depending on attentional control settings (Chen et al., 2021). These findings suggest that ensemble coding may proceed at some level without focal attention, but that its accessibility for conscious discrimination or behavioural output is gated by attention. In this view, ensemble perception operates across multiple levels, with early, automatic integration giving way to attention-modulated access and utilization.
Building on these multi-level dynamics, our findings can be interpreted through the lens of Reverse Hierarchy Theory (RHT; (Ahissar & Hochstein, 2004; Hochstein & Ahissar, 2002), which proposes that visual processing begins with rapid, pre-attentive access to high-level global representations, such as ensemble statistics, before attention enables detailed, lower-level scrutiny. This accounts for the absence of vMMN for orientation mean changes in Study I (suggesting no early statistical encoding without attention) and the chance-level performance under misdirecting cues in Study III (indicating attention is needed for accessing these representations). In Study II, RHT explains why length-based segmentation elicited vMMN (as a coarse, global cue accessible early in the hierarchy) but orientation did not (requiring finer, attention-gated resolution). Complementing RHT, population coding models (Utochkin et al., 2024) suggest that ensemble summaries emerge from pooled responses across neural populations tuned to specific features, distributed hierarchically from early visual areas to higher cortices, with pooling operating as a feedforward process. In this framework, orientationm encoded by narrowly tuned neurons, may require attentional feedback to refine or bias averaging for reliable summaries, as evidenced by the absent vMMN for orientation in Studies I and II and the attentional disruption in Study III, whereas length could rely on broader population signals that operate more automatically. This iterative refinement aligns with findings that ensemble perception discounts outliers over time through repeated computations, progressively reducing noise for more accurate summaries (Epstein et al., 2020). Together, these theories reconcile our results: ensemble perception involves initial, feedforward population-based summaries that are modulated by attention for precision and accessibility, particularly for high-frequency features like orientation.
In sum, our findings challenge the notion that ensemble perception is a fully automatic process, highlighting instead that it is modulated by attention in a feature-specific manner. This work refines our understanding of how the visual system processes ensemble statistics, suggesting that attentional mechanisms play a critical role in enabling accurate and accessible summary representations, particularly for features like orientation.
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[bookmark: _Toc207823489]Conclusions

This thesis demonstrates that ensemble perception is not fully automatic, requiring attentional involvement, particularly for orientation-based features. Using behavioural and EEG methods, we found that unattended ensemble processing lacks neural markers of automaticity and fails behaviourally without spatial attention, challenging pre-attentive models. 
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Abstract
The visual system can represent information about multiple objects in the form of ensemble statistics, such as their mean feature. Although ensemble representation is often considered a strategy to deal with attentional capacity limitations, it is under debate whether it requires attention. We investigated this question using two ERP markers, the P3 which is evoked by change detection of attended stimuli, and visual mismatch negativity (vMMN) which is elicited by automatic sensory discrimination when attention is diverted from the critical stimulus. In Experiment 1 (attended ensemble changes), observers attended to ensembles and reported rare changes of their mean orientation, while fixating on a central cross. In Experiment 2 (unattended ensemble changes), participants attended to changes in a central cross and ignored the background ensemble stimuli that also sporadically changed mean orientation. When ensembles were attended, changes in their mean evoked the P3 component, a marker of conscious change detection. When the same ensembles were unattended, no evidence for the vMMN, a marker of automatic discrimination, to ensemble mean changes was found. These results let us suggest that attention dedicated to the ensemble task is critical for ensemble discrimination.

Keywords: ensemble perception, ERP, attention, vMMN, P3.

Highlights:
· Attention-dependent ensemble processing: Ensemble mean orientation changes are processed only when attended, as indicated by the P3 component, with no vMMN response for unattended changes.
· Distinct neural signatures: ERP components show a clear divide between attended and unattended ensemble statistics, revealing attention's crucial role.
· Challenging automaticity: Our findings suggest that ensemble processing is not automatic, and instead point to a crucial role of attention.


1. Introduction
We are normally exposed to numerous objects at a time in our everyday visual perception. Due to limited attentional and working memory resources, we cannot deeply process all objects simultaneously (Cowan, 2001; Pylyshyn & Storm, 1988). Nevertheless, the visual system utilizes more information than these limitations would suggest. One possible way to accomplish this is by extracting ensemble summary statistics from the entire set of objects of the same type rather than detailed information about each individual item (Alvarez, 2011; Baek & Chong, 2020). Such ensemble perception can rely on neural substrates distinct from those involved in single object perception (Cant et al., 2015) and access to ensemble properties may precede access to properties of individual items (Epstein & Emmanouil, 2021; Hochstein & Ahissar, 2004). Ensemble perception is not limited to single parameters of a distribution; it encompasses the ability to extract comprehensive statistical properties from a set, including the mean feature (Haberman & Whitney, 2009), feature variability (such as variance or range, Khayat & Hochstein, 2018), and even detailed information about the entire feature distribution, including the probability density function (Chetverikov et al., 2016; Kim & Chong, 2020). Ensemble perception is not limited to basic, low-level feature dimensions such as orientation and color (Whitney & Yamanashi Leib, 2018) but can extend to complex and even abstract dimensions such as animacy (Leib et al., 2016; Tiurina & Markov, 2024) and facial expressions (Haberman & Whitney, 2009); for a more comprehensive review, see Corbett et al., 2023). 
 	Ensemble perception can occur without phenomenal awareness of the stimuli (Sekimoto & Motoyoshi, 2022) and feature distributions may be encoded implicitly (Hansmann-Roth et al., 2021). Despite showing various signs of automaticity (for example, its implicit and fast character (Corbett & Oriet, 2011; Han et al., 2021) and potentially allowing the visual system to overcome its capacity limitations, there is no strong consensus on to what degree ensemble perception relies on limited-capacity mechanisms such as attention.
One way of answering this question is to look at an interaction between attention and ensemble perception. Selective attention indeed seems to influence such perception; for example, judgments about a set of objects can be biased towards perceptually salient or attended members of the set, a phenomenon called weighted averaging (Choi & Chong, 2020) or amplification (Iakovlev & Utochkin, 2021; Kanaya et al., 2018). Moreover, models that account for distributed attention better predict average size judgments of objects in a set (Baek & Chong, 2020). however, while attention may affect ensemble judgments,  does it necessarily imply that ensemble perception cannot function without it? The literature presents conflicting evidence regarding this question. Patients with unilateral spatial neglect are severely impaired at tasks requiring focused attention; however, ensemble performance is spared from the deficit (Hochstein et al., 2015). More experiments suggest that even when attention is diverted from a set of items, observers can accurately identify its overall central location and detect global changes in that set, indicating that ensemble information is preserved (Alvarez & Oliva, 2008). Similarly, using a Posner cueing paradigm, no effects of spatial attention were found on the processing of motion ensembles (Talipski et al., 2021). Also, mean and range of objects’ orientation and size were found to be encoded automatically, even when observers are instructed to encode and report the features of individual items (Khayat & Hochstein, 2018). Moreover, recent work by Kacin et al. (2023) suggests that ensemble processing ability is at least partially independent of spatial attentional abilities. 
Other evidence, derived from studies that employed various attentional manipulations, suggests that ensemble processing does indeed require attention. For instance, one experiment showed that participants recognized the average emotional expression of a group of faces only after directing their attention to them (McNair et al., 2017). Another study found that people often failed to notice changes in color or size when their attention was directed elsewhere (Jackson-Nielsen et al., 2017). An attention-demanding secondary task has also been reported to decrease observers' efficiency in making a judgment of average orientation of a set of Gabor patches (Dakin et al., 2009). 

In the present study, we address this long-standing question of attentional involvement in ensemble statistics. Rather than examining whether and how attention influences ensemble perception, we investigate if ensemble statistics can be extracted automatically (Shiffrin & Schneider, 1984) without relying on attention at all.. We do this by looking at neurophysiological correlates of attentional and non-attentional change detection, namely, event-related potential (ERP) components P3 and the mismatch negativity (MMN). The occurrence of P3 correlates with the detection of a critical target event that the observer is instructed to respond to and that, therefore, is processed under full attention (Polich, 2007). In contrast, the MMN is associated with automatic and non-attentional detection of a change in a repetitive sequence of stimuli (Naatanen, 2000). Through this methodology, we aim to investigate the automaticity of ensemble processing.
[bookmark: _heading=h.gjdgxs]The P3 is an ERP component that can be operationally defined as an increased ERP amplitude within a 300 to 500 ms time window after the presentation of a rare target stimulus in an oddball paradigm (Polich, 2012). The P3 may reflect the enhancement of attentional focus, including an early attention-related process due to a change in working memory representations as well as transmission of attention-driven signals from temporal to parietal regions, and may also be related to decision-making processes (Nieuwenhuis, 2005; Polich, 2012). The P3 component shows a dipole pattern with a stronger positive response to deviant stimuli in frontal regions and a more negative response in parietal regions (Polich, 2007). The P3 component is sensitive to event probability and salience, linking it to stimulus evaluation and context updating. In go/no-go tasks, rare events such as infrequent go trials in a mostly no-go context (Verleger et al., 2016) produce larger P3 amplitudes, consistent with greater cognitive control and attentional engagement. The P3 may index neural resources devoted to processing deviations from established patterns as well as event significance when task sets must be quickly adjusted.
[bookmark: _Hlk188870535]The MMN is thought to be an automatic brain response emerging in the absence of attention or even consciousness since it is elicited by changes of an unattended stimulus even in comatose patients (Morlet & Fischer, 2014). The MMN was initially found in the auditory domain (Näätänen, 2000). A typical MMN experimental design for testing the role of attention in stimulus processing involves two tasks, one in which participants are actively involved (Winkler, 2008) and another is a passive oddball task where the occurrence of rare stimuli is unattended and linked to MMN elicitation. 
Building on research in the auditory domain, an analogous phenomenon, visual mismatch negativity (vMMN), has been identified in the visual domain (Czigler, 2007; Pazo-Alvarez et al., 2003). The vMMN has been shown to be elicited by changes in a number of visual features such as color, spatial frequency, motion direction, shape, line orientation, location, as well as by conjunctive changes of these features (Czigler, 2007; Stefanics et al., 2014). The vMMN has also to a limited degree been used in studies on ensembles. Stefanics et al. (2012) showed that unattended changes of the average emotion of a set of faces can be automatically detected using vMMN. Durant et al. (2017) recorded neural responses to a deviant unattended ensemble of randomly oriented lines presented among ordered alternatives and showed that changes in orientation variance can elicit a vMMN. Khvostov et al. (2021) found that unattended background changes of categories defined by certain length-orientation conjunctions of line ensembles elicited a vMMN. While unattended background changes of categories defined by certain length-orientation conjunctions elicited a vMMN response, it could not be detected when categorical differences between changing categories were less distinct. That is also in line with Winkler et al. (2005) who found vMMN evidence that feature binding (in their case, color and orientation) is carried out automatically. The vMMN, therefore, may be sensitive to changes in unattended ensemble statistics, which hints at their automatic nature. However, some types of changes of unattended ensembles in Khvostov et al. (2021) did not evoke a vMMN, which rather suggest that not all ensemble features can be processed automatically. 
In the present study, we ask whether changes in ensemble average features can be detected automatically or whether the detection of ensemble changes depends on the allocation of attention. In two experiments, we recorded EEG to attended and unattended oddball changes in the ensemble average orientations. In Experiment 1, participants were asked to attend and respond to changes in the ensemble mean orientation. In Experiment 2, we presented similar streams of orientation ensembles but diverted attention from those streams with a central attentional task requiring participants to track changes at the fixation cross and ignore ensemble changes. As ensemble changes were never task-relevant, participants arguably did not benefit from allocating any attentional resources towards the ensemble stimuli. We predict different ERP patterns depending on the role of attention in ensemble processing. If ensemble change detection relies on attention, we expect that attended and detectable changes (Experiment 1) should result in a P3 component, while the equivalent unattended changes (Experiment 2) should not be automatically processed and therefore not elicit a vMMN. On the contrary, if ensemble changes can be detected without attention, we expect the presence of a vMMN in Experiment 2.

General Materials and Methods

1.1 Participants 
Two independent samples of participants took part in Experiments 1 and 2. Whereas the expected effect size for the P3 component is usually high (Cohen’s dz = 1.86, Kappenman et al., 2021), our sample size justification for both experiments was based on more conservative estimates from our previous work on the vMMN (Khvostov et al., 2021). We estimated that we would need to recruit at least 18 participants to detect the component (dz = 0.8, α = 0.05, power = 0.9, G*Power 3 software (Faul, 2007). As we expected data loss from potential technical issues (e.g., noisy electrodes, extensive eye blinks), in each experiment we recruited 24 Higher School of Economics (Moscow, Russia) students who participated as volunteers (Experiment 1: 14 female and 10 male, mean age of 25 years old, range 18 to 32 years old; Experiment 2: 16 female and 8 male, mean age of 23 years old, range 18 to 32 years old). One recording from Experiment 1 was corrupted (misplacement of event triggers) and therefore not analyzed, leaving us with a final sample of N = 23 in Experiment 1 and N = 24 in Experiment 2.
All participants reported normal or corrected to normal vision and no prior history of neurological diseases. All gave written informed consent. The protocol was approved by the Research Ethics Committee of the Psychology Department, Higher School of Economics and followed the Declaration of Helsinki guidelines.

2.2 Stimuli 
In both experiments, stimuli were a set of 64 oriented lines drawn from two different orientation distributions. One distribution was constructed by transforming 64 equally spaced numbers between 0.01 to 0.99 using the logit function: log(a/1-a). The number list was shifted and scaled to fit into the 25 to 75 degrees range, where 0 is horizontal and 90 is vertical (adapted from Epstein & Emmanouil, 2021). The resulting distribution was skewed which allowed us to use its mirror reflection to get a new distribution with the same range (25 to 75 degrees) and standard deviation (10.41 degrees) but a different mean (40 vs. 60 degrees). This was important to diminish potential confounds from stimulus changes other than mean orientation that might affect the occurrence of vMMN and P3. Both the positively skewed (mean 40 degrees) and negatively skewed (mean 60 degrees) distributions of orientations can be seen in Figure 1. 
As we used skewed orientation distributions, orientations drawn from one tail of such distributions are inherently rarer than those from the other tail. This could cause a potential problem, such that any randomly placed item with a rare orientation would be surrounded by multiple items with frequent orientations. This would create highly salient local patches (when individual lines pop out from their surround, Nothdurft, 1993) whose processing can be confounded with ensemble processing. To minimize this possibility, we pregenerated two million random spatial combinations of 64 line orientations from each distribution embedded in an 8x8-cell grid (size 8.6°x8.6°) and selected a subset of combinations where no neighboring lines differed in orientation by more than 25 degrees from each other (half of the distribution range). Ensembles of each trial were drawn from these remaining sets.  It is important to point out that the resulting stimuli (both standard and deviant) were unique in terms of assigning individual orientations to individual cells of the stimulus array.. The pregenerated orientation distributions were created using R software (v4.1.2; R Core Team 2021).  Stimulus presentation was run in PsychoPY 2022.2.1 software.(Pierce et al., 2019). 
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Figure 1. A. A probability density plot representing the orientation distributions from which stimuli were drawn. The blue graph corresponds to the distribution with a mean of 40 degrees. The orange plot corresponds to the distribution with a mean of 60 degrees. B. Example ensemble stimuli drawn from these distributions. The ensembles consisted of 64 lines randomly spaced on an 8 x 8 grid. The blue frame corresponds to stimuli drawn from the orientation distribution with a mean of 40 degrees. The orange frame corresponds to the stimuli drawn from the distribution with a mean of 60 degrees. The colored frames are shown here for illustrative purposes and were not presented to participants.
2.3 EEG Recording and Analysis
EEG was recorded using the ActiCHamp amplifier with 64-channel active AgCl electrodes (actiCHamp Plus, Brain Products GmbH, Gilching, Germany) with both mastoids as reference electrodes. Recording was performed at the 1000 Hz sample rate and re-referenced to the grand average. Off-line filters with a high cut-off at 0.1 Hz and low cut-off at 40 Hz were applied. EEG preprocessing was performed using the BrainVision Analyzer software (BrainVision Analyzer, Brain Products GmbH, Gilching, Germany). Ocular artifacts were corrected using the ocular correction ICA algorithm in semi-automatic mode, meaning that computed components were looked at and final rejection was made by hand, based on the voltage scalp distribution. Detailed artifact rejection parameters are listed in Supplementary Material section.


2.4 Procedure
In both experiments, participants completed 1,000 trials divided into 10 blocks of 100 trials each. An intertrial interval was 900 to 1100 ms during which an empty gray screen with a fixation dot at the screen center was presented. Each block was followed by a pause screen. Five blocks had a standard ensemble mean of 40 degrees and oddball deviant ensemble mean of 60 degrees, and five blocks had standards of mean 60 and deviants of mean 40 degrees (for an example, see Figure 2A). The block order was randomized. In neither experiment practice trials were used. 
Stimuli were presented using PsychoPy 2022.2.1 software.  On each trial, a central fixation cross (exp. 1: width 0.16°, height: 0.33°; exp. 2: width 0.16°, height: 0.33° or width 0.33°, height: 0.16°) and 64 lines (line length 1°) were presented for 200 ms on a gray background (Figure 2). The lines drawn from the positive and negative skew distributions served as either standard or deviant conditions, depending on the block. The standard trials were presented more frequently (90 standard trials in each block), while the deviant trials were presented less frequently (10 deviant trials in each block). At the beginning of each block, 10 standard trials were always presented. At least three standard trials were presented between deviant trials. Participants were instructed to maintain fixation on the central cross.
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[bookmark: _Hlk196732607]Figure 2. Block schematic of Experiments 1 and 2. Trials were 200 ms with an inter-trial interval of 900-1100 ms. Colored frames (added here for illustrative purposes) correspond to the average orientation of the background stimuli (blue: 40 degrees; orange: 60 degrees). (A) An example trial sequence of Experiment 1. Participants were asked to respond to changes of the mean orientation of the white lines, here shown in the second depicted trial marked “press space”.  (B) An example trial sequence of Experiment 2.  Participants were asked to respond to changes of the central cross, here shown in the third depicted trial marked “press space”. The relative sizes of the ensemble, fixation cross and dot are changed for illustrative purposes. 

2. Experiment 1: Attended Ensemble Statistics

3.1 Procedure 
[bookmark: _Hlk196732772]Participants were asked to explicitly detect the change of the mean orientation of the background line ensemble by pressing the space key (Figure 2A). 


3.2 EEG Analysis
[bookmark: _Hlk196733346]The data was epoched from -200 ms to 600 ms from trial onset. Only trials with correct answers (pressing space within the inter-trial interval following deviant trials, and not pressing space within the inter-trial interval following standard trials) were included in the analysis of EEG data as deviants. Standards were selected as trials preceding the deviants. The average number of included trials after preprocessing was 92 for standard epochs (SD = 7) and 86 for deviant epochs (SD = 17). Mean amplitudes for standard and deviant stimuli in frontal, central and parietal electrodes (Fz, F3, F4, F5, F6, F7, F8, AFz, Cz, Pz) were compared using repeated measures ANOVA (Stimulus type: standard and deviant as factor and electrode: Fz, F3, F4, F5, F6, F7, F8, AFz, Cz, Pz as factor) in a time window spanning 300 to 500 ms after trial onset. Additionally, we ran a Bayesian repeated measures ANOVA within the same time window and electrode regions to calculate Bayes Factor ( Cauchy distribution as a prior for the fixed effects with a scale parameter of 0.5 was used, log BF10, as base-10 logarithm for the model including the factor of interest divided by null model.). The time window and electrode sites were based on previously known characteristics of the P3 component (Kappenman et al., 2021). 
Additionally, as part of an exploratory analysis, multivariate pattern analysis (MVPA) using support vector machine (SVM) classification was applied to the previously preprocessed and epoched data. We used a decoding toolbox within ERPLAB toolbox (Luck, 2014) Data was epoched based on the appearance of standard and deviant ensemble stimuli. Decoding was implemented using the N-crossfold cross-validation procedure. The number of cross-validations folds used was 5. We included 62 electrodes in the deciding (both mastoids used as reference were excluded). We tested classification accuracy against the chance level (50%) at each time point using one-tailed t-tests (Holm correction for multiple comparison applied). We conducted another exploratory analysis focusing on the N2 component, a marker of attentive processing (Bocquillon et al., 2014), to investigate whether selective attentional processes were involved in either of the two experimental situations. Similar exploratory analyses were also applied to the EEG data from Experiment 2. The results of these analyses are presented in the Supplementary Material section, as they were not the primary focus of the study and are not discussed further.

3.3 Results

Behavioral Results
A signal-detection discriminability measure, d’ was calculated as a z(HR) – z(FA) for each participant, where HR (hit rate) is a proportion of correctly detected deviant stimuli and FA (false alarm rate) is a proportion of standard stimuli that participants responded to with a button press.  The average d’ was 3.1 (SD = 1.0)( corresponding to 86% correct answers), which is consistent with high sensitivity to attended changes in average orientations.


Figure 3. Grand average waveforms in electrodes used for P3 analysis for standard vs. deviant ensembles. All sites except Cz showed a significant P3 (revealed by post hoc comparisons) elicited by changes in attended ensemble means in Experiment 1. Shaded areas around lines show ±1 standard error of the mean with subtracted inter-subject variability. The time window of 300 to 500 ms used in the P3 analysis is highlighted. These and following graphs were built with ggplot2 (v3.5.1; Wickham 2016).


EEG Results
The mean amplitude in the time window for standard and deviant waveforms in frontal, central, and parietal electrodes (Fz, F3, F4, F5, F6, F7, F8, AFz, Cz, Pz) was compared using repeated-measures ANOVA (Figure 3). A Greenhouse-Geisser correction of degrees of freedom was applied in cases where Mauchly’s test indicated a violation of the assumption of sphericity. The analysis revealed significant differences in mean amplitude between standard and deviant stimuli (F(1,22) = 19.51, p < 0.001, η²p = 0.47, log BF10 = 4.753). An effect of electrode site was revealed (F(2.81,61.84) = 7.29, p < 0.001, η²p = 0.25, log BF10 = 7.379), as well as an interaction between stimulus type and electrode (F(3.47,76.43) = 17.81, p < 0.001, η²p = 0.45, log BF10 = 12.094). Post-hoc comparisons revealed significant differences between standards and deviants in sites AFz (t = 4.728, pholm < 0.001), F3 (t = 4.229, pholm = 0.0003), F4 (t = 4.446, pholm < 0.001), F5 (t = 4.636, pholm < 0.001), F6 (t = 4.974, pholm < 0.001), F7 (t = 4.423, pholm < 0.001), F8 (t= 6.003, pholm = 0.003), Fz (t = 2.938, pholm = 0.008), and Pz (t = -5.940, pholm < 0.001). 
The scalp potential distribution of the difference wave between activity in response to standards and deviants (Figure 4) showed the expected dipole signal distribution between frontal and posterior electrode sites in a time window of 300 to 500 ms. Those spatial and temporal characteristics are common for P3 (Polich, 2007). 
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Figure 4. Scalp potential distribution of a difference wave between standard and deviant waveforms in Experiment 1. An expected dipole pattern (more positive in frontal regions and negative in posterior) is observed in the P3 time window (300 to 500 ms, highlighted by the frame box). 

The P3 component was elicited by deviant attended ensembles. In the additional exploratory analysis, we looked at the N2 component, also linked to attentional processing of visual events (see Supplementary Material). Our data shows the elicitation of an N2 response to deviant ensembles which strengthens the point of attentional involvement in ensemble processing. 
MVPA decoding accuracy for standard and deviant ensembles is plotted in Figure 5. We tested the accuracy at each time point against chance level (50%). Decoding at the following time windows were significantly higher than chance: 275 ms - 308 ms, 406 - 463 ms, 475 - 599 ms.
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Figure 5. MVPA decoding accuracy for classification of standard vs. deviant ensemble stimuli in Experiment 1. the red line represents the chance level (50%). the error ribbon represents +/-1 SE with subtracted inter-subject variability. the shaded time periods highlight significant deviance from chance level.

The results, encompassing both behavioral and EEG findings, indicate effective attentional processing of ensemble stimuli.

3. Experiment 2: Unattended Ensemble Statistics

4.1 Procedure 
[bookmark: _Hlk196732814]In this experiment, participants were instructed to ignore the background stimuli and detect changes in the orientation of the fixation cross. The cross had two possible orientations: vertical (long vertical line and short horizontal line) or horizontal (long horizontal line and short vertical line). The vertical cross was presented on 70% of trials, while the horizontal cross was presented on 30% of trials. Participants were instructed to press the space key immediately after the orientation of the fixation cross changed (Figure 2B). The time window for response was limited to the inter-trial interval (from 900 to 1100 ms). The fixation cross did not change its shape on deviant ensemble trials or the standard ensemble trial preceding a deviant trial. the proportion of background deviant ensembles was kept at 10% as in Experiment 1.

4.2 EEG Analysis
[bookmark: _Hlk196733839]EEG data was epoched into segments of 700 ms, thereof 200 ms baseline prior to trial onset and 500 ms after trial onset. Standard epochs corresponded to standard trials immediately preceding deviant trials. Deviant epochs corresponded to deviant trials with a change of ensemble orientation mean. The average number per participant of each epoch type after artifact rejection was 98 for standards (SD = 3.4) and 99 for deviants (SD = 3.1). 
[bookmark: _Hlk188872686]We looked for a vMMN by comparing mean amplitudes for deviant ensemble epochs and standard ensemble epochs preceding deviants in a 160-260 ms time window after trial onset in posterior electrodes (O1, O2, Oz, PO7, PO8) using repeated measures ANOVA. Time window and regions of interest for analysis were a priori selected based on the existing literature on vMMN (Czigler, 2007) and our previous research (Khvostov et al., 2021). Bayes Factor (BF) was additionally calculated via a Bayesian repeated measures ANOVA (Stimulus type: standard and deviant;  and electrodes: O1, O2, Oz, PO7, PO8) within the same time window and electrode regions. Given the variability in the temporal properties of the vMMN component (Kimura et al., 2010; Male et al., 2020; Winkler, 2008) and visual inspection of the difference potential suggesting a possible vMMN presence in the early time window (100-159 ms), we conducted an exploratory analysis on this interval as well as a later one (261-400 ms). However, the analysis showed no significant difference between standard and deviant stimuli. Full results of these additional analyses, which align with our main findings, are provided in the Supplementary Material.
Additionally, the mean amplitudes for standard and deviant responses in frontal, central and parietal electrodes (Fz, F3, F4, F5, F6, F7, F8, AFz, Cz, Pz) was compared using repeated measures ANOVA in a later P3 time window of 300 to 500 ms, to test whether the participants could be aware of the appearance of infrequent deviant ensemble background stimuli, and Bayes Factor was calculated. 
We also applied MVPA to standard vs. deviant ensemble EEG data to complement the standard univariate analysis. Parameters of decoding were equal to those in Experiment 1. For analysis of the N2 component for ensembles, and ERP and MVPA analyses of the central fixation stimuli, see Supplementary Material.

4.3 Results

Behavioral Results
To estimate participants’ engagement in the central attentional task, the signal-detection theory sensitivity index d’ was calculated the same way as in Experiment 1, but now for the detection of the central fixation cross. The average d’ across participants was 4.3 (SD = 0.8)(97% correct answers). Based on such good performance  (as well as EEG markers of attentional processing of the central fixation stimuli, see Supplementary Material), we conclude that our participants were attentionally engaged in the central task, which is important for the interpretation of the potential vMMN as a neural response to unattended stimuli (oriented ensembles). 

EEG Results
We compared mean ERP amplitudes to unattended background ensemble mean changes (deviants) and their preceding standard background ensembles in the vMMN time window of 160 to 260 ms using repeated measures ANOVA (electrodes: O1, O2, Oz, PO7, PO8). A Greenhouse-Geisser correction of degrees of freedom was applied as needed. No effect of stimulus type was found (F(1, 23) = 0.359, p = 0.555, η² = 0.007, log BF10 = -0.505) indicating comparable responses to both standard and deviant stimuli within the specified time window. No effect of electrode was found (F(1.46, 32.573) = 1.250, p = 0.289, log BF10 = -0.748) and there was no interaction between electrode site and stimulus type (F(1.302, 29.955) = 0.868, p = 0.487, log BF10 = -0.935). Grand average ERP for standards and deviants, difference waves (standard minus deviant) in posterior electrode sites and scalp distributions of difference waves are displayed in Figures 6,7.


[image: Изображение выглядит как текст, диаграмма, число, График]

[bookmark: _Hlk185613875]Figure 6. Panel A: Grand average waveforms in posterior electrodes (PO7, PO8, O1, O2, Oz) in Experiment 2 for standard vs. deviant ensembles. Shaded areas around lines show ±1 standard error of the mean with subtracted inter-subject variability. The time window of 160 to 260 ms used in the vMMN analysis is highlighted. Panel B: Grand average difference waveforms (Standard - Deviant) in posterior electrodes (PO7, PO8, O1, O2, Oz) in Experiment 2. Shaded areas around lines show ±1 standard error of the mean with subtracted inter-subject variability
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Figure 7. Scalp potential distribution of a difference wave between standard and deviant waveforms in Experiment 2. Time window selected for analysis was 160 to 260 ms. The color scale is kept identical to that of Figure 4 from Experiment 1.

An additional ANOVA in Fz, F3, F4, F5, F6, F7, F8, AFz, Cz, Pz electrode sites in the 300 to 500 ms P3 time window (for comparison to Experiment 1) revealed no effect of stimulus type (F(1, 23) = 2.075, p = 0.163, η2p= 0.083, log BF10 = -0.938), no effect of electrode (with Greenhouse-Geisser correction: F(3.234,74.384) = 25.445, p = 0.08, η2p= 0.091, log BF10 =-0.408 ) and no interaction (with Greenhouse-Geisser correction: F(2.259,51.951, 23) = 1.465 p = 0.240, η2p= 0.060, log BF10 = -1.274). Similar null effects were found for another attention-related component, the N2 (see Supplementary Material).
Similar to Experiment 1, we applied the MVPA to the standard vs. deviant ensemble EEG data. Decoding accuracy was tested against chance level at each time-point (Holm correction applied for multiple comparisons; Figure 8a). Unlike Experiment 1, where changes in ensemble means were attended and task-relevant, the unattended and task-irrelevant changes in ensemble means could not be decoded in Experiment 2. The attended changes in the central fixation cross, on the other hand, could easily be decoded with great accuracy(Figure 8b) (Supplementary Material).


​​
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AI-generated content may be incorrect.]Figure 8.   Panel A: Decoding accuracy between standard and deviant ensemble stimuli in Experiment 1. Panel B Decoding accuracy between standard and deviant fixational cross stimuli in Experiment 1.Red line represents the chance level (50%). Ribbons represent +-1 SE with subtracted inter-subject variability. Decoding accuracy was not significantly above chance.

Overall, these results suggest that the appearance of a deviant ensemble stimulus is not processed when unattended. ​​

4. Discussion
We used ERP markers of automatic and attentional visual processing (vMMN and P3, respectively) to test whether the visual system is capable of registering an unattended change of an ensemble mean or if this process requires the deployment of attention. Participants could easily explicitly discriminate between two ensemble means when ensembles were in the focus of their attention. This was supported both by high response accuracy and the presence of the P3 component, considered to be generated in response to attentional allocation and change of neural representation of stimuli (Polich, 2003). On the contrary, we found no evidence of a vMMN in response to a change in ensemble mean when task-irrelevant ensemble stimuli were presented in the background and attention was engaged with a central task; the lack of attention to ensemble changes was further supported by no detectable P3. 
The vMMN is expected to be triggered by unattended – yet registered – deviations from a previously encoded visual input (Kremláček et al., 2016). It is known to be elicited by changes in the orientation of a single unattended line while people are engaged in a central attentional task (File & Czigler, 2019). The vMMN is a marker of pre-attentive automatic processing that cannot be explained by simple differential refractoriness of neuronal populations and requires the formation of memory representations of stimulus regularities (Czigler et al., 2002). We interpret the lack of a vMMN for rare yet unattended ensemble changes in the current study – which were easily detected when attended – as an inability to build an expectation that the mean ensemble feature remains constant. Our results instead indicate a crucial role of attention in the discrimination of orientation statistics. 
Do our findings directly contradict the existing pool of literature, claiming the possibility of implicit perception of summary statistics? Not necessarily. We propose that this discrepancy arises from varying definitions of implicit perception. In previous studies, implicit perception often refers to the absence of an explicit ensemble task, even though ensemble stimuli might still be attentively processed. For example, Hansmann-Roth et al. (2021) found evidence for implicit ensemble perception in this sense. However, their participants nonetheless engaged in a visual search for an oddball target that could only be defined in relation to the properties of distractors. This may have required active attentional suppression of ensemble (distractor) stimuli. Similarly, Khayat et al. (2023) showed that participants’ responses were biased towards the mean of a previously shown task-irrelevant ensemble. However, these ensembles were passively viewed while people’s attention was not engaged elsewhere, so participants were free to actively attend to the ensembles if they so chose. These studies suggest that ensemble statistics can be extracted automatically in the sense that such information is extracted without an instruction to perform an ensemble task. However, they do not rule out the necessity of attention because the elements of the ensemble may at least sometimes be attentively processed. In contrast to these studies, we directly varied attentional setting in the ensemble task, making the ensembles either attended and task-relevant (Experiment 1) or not attended and completely task-irrelevant (Experiment 2). Under such circumstances, when ensemble stimuli are likely completely ignored, we see no indication of the processing of ensemble means. 
Durant et al. (2017) nonetheless demonstrated that the vMMN is elicited by unattended changes in ensemble orientation variance, suggesting the detection of variance outside the focus of attention. However, this vMMN was elicited for very large differences in variance. In our previous study, we also observed a vMMN in conditions where the mean difference between ensembles was extremely high, even though the mean manipulation was not the focus of the study. Similarly, Alvarez and Oliva (2009) demonstrated that participants could discriminate between ensembles with a 45-degree difference under reduced attention. Taken together, this suggests that automatic detection of ensemble means may indeed occur, but only when the differences are large and coarse. Smaller differences, while being well discriminable in the explicit ensemble task, when attention is involved, may not reach the threshold for automatic processing. 
5. Conclusions
Overall, our findings indicate that the extraction of ensemble statistics, such as the mean orientation from a visual scene, likely requires attentional resources and cannot be performed independently of attention.
6. Open Science
Data is deposited and can be obtained from https://osf.io/hgr7f/ 




Supplementary material.
1. Results for central task in Experiment 2
[image: A diagram of a red white and blue sphere]The mean amplitude in the time window of 300 to 500 ms for standard fixation cross and deviant fixation cross waveforms in frontal, central, and parietal electrodes (Fz, F3, F4, F5, F6, F7, F8, AFz, Cz, Pz) was compared using repeated-measures ANOVA. A Greenhouse-Geisser correction of degrees of freedom was applied in cases where Mauchly’s test indicated a violation of the assumption of sphericity. The analysis revealed significant differences in mean amplitude between standard and deviant stimuli (F(1,23) = 6.25, p = 0.020, η²p = 0.214). An effect of electrode site was revealed (F(3.17,73.02) = 3.676, p = 0.014, η²p = 0.138). There was no interaction between stimulus type and electrode (F(1.56,35.95) = 1.381, p = 0.261, η²p = 0.057). Post-hoc comparisons revealed significant differences between standards and deviants in sites F3 (t = 2.74, pholm = 0.020), F5 (t = 2.49, pholm = 0.020), Pz (t = 2.50, pholm = 0.020), AFz (t = 2.71, pholm = 0.013), Cz (t = --2.37, pholm = 0.026); supplementary Figure s1).

Figure s1. Scalp potential distribution of a difference wave between standard and deviant waveforms for the central fixation cross stimuli in Experiment 2. Time window selected for analysis is highlighted. 

	MVPA using the support vector machine (SVM) method was applied to the previously preprocessed and epoched data. We used a decoding toolbox within ERPLAB toolbox (Luck, 2014) Data was epoched based on appearance of standard and deviant central stimuli. Decoding was implemented using the N-crossfold cross-validation procedure. The number of trials was equated between each category and participants. Decoding was completed 33 epochs at each time point, the rest of the data was used to train the SVM. We included 62 scalp electrodes in the decoding (both mastoids used as references were excluded).
We tested the accuracy against chance level (50%) at each time-point using one-tailed t-tests (Holm correction for multiple comparisons applied; supplementary Figure s2). MVPA on central task data showed that changes vs. no changes in the fixation cross can be classified from relatively early time points, reaching close to 100% accuracy around 400 ms after fixation cross onset.
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Автоматически созданное описание]Figure s2. Decoding accuracy for standard vs. deviant central stimuli in Experiment 2. The red line represents the chance level (50%). Ribbons represent +-1 SE with subtracted inter-subject variability. Shaded area highlights significant deviance from chance level.


2. Artifact rejection parameters
The artifact rejection criteria are defined as follows. For the gradient check, the maximum allowed voltage step is 50 µV/ms. Any segment exceeding this threshold within 200 ms before or after the event is marked as "Bad." For the difference check, the maximal allowed difference between the minimum and maximum voltage in a 200 ms interval is 200 µV. Any segment exceeding this difference within 200 ms before or after the event is marked as "Bad." For the amplitude check, the allowed amplitude range is from -200 µV to +200 µV, and any segment exceeding this amplitude range within 200 ms before or after the event is marked as "Bad." For the low activity check, the lowest allowed activity in a 100 ms interval is 0.5 µV, and any segment below this threshold within 200 ms before or after the event is marked as "Bad."

3. EEG results for earlier and later vMMN time windows

We compared mean ERP amplitudes to unattended background ensemble mean changes (deviants) and their preceding standard background ensembles in the vMMN time window of 100 to 159 ms using repeated measures ANOVA (electrodes: O1, O2, Oz, PO7, PO8). A Greenhouse-Geisser correction of degrees of freedom was applied as needed. No effect of stimulus type was found (F(1, 23) = 3.649 , p = 0.07 , η²p  = 0.137) indicating comparable responses to both standard and deviant stimuli within the specified time window. Effect of electrode was found (F(1.957, 45.016) = 29.079 , p < 0.001, η²p = 0.558) and there was no interaction between electrode site and stimulus type (F(2.566, 59.016) = 0.9, p = 0.344,  η²p = 0.042).
We compared mean ERP amplitudes to unattended background ensemble mean changes (deviants) and their preceding standard background ensembles in the vMMN time window of 261 to 400 ms using repeated measures ANOVA (electrodes: O1, O2, Oz, PO7, PO8). A Greenhouse-Geisser correction of degrees of freedom was applied as needed. No effect of stimulus type was found (F(1, 23) = 1.039, p = 0.319, η²p = 0.043), indicating comparable responses to both standard and deviant stimuli within the specified time window. A significant main effect of electrode was revealed (F(2.044, 47.019) = 3.325, p = 0.014, η²p = 0.126). There was no significant interaction between stimulus type and electrode site (F(1.664, 38.278) = 0.997, p = 0.365, η²p = 0.042). Post-hoc pairwise comparison revealed no significant pairs.

3. N2 analysis 
Another exploratory analysis was aimed at checking the elicitation of an N2 component, also related to detection of deviant stimuli with involvement of attention. Therefore, amplitude in posterior electrodes (O1, O2, Oz, PO7, PO8) in the N2 time window (250-350 ms) was checked both for Experiment 1 and Experiment 2.




In experiment 1 (attended ensemble change)
Repeated measures ANOVA with electrodes (O1, O2, Oz, PO7, PO8) as factors and stimulus type (Standard, Deviant) as factors revealed a significant effect of stimulus type (F(1, 22) = 19.579, p = 0.00024, η²p = 0.471) and electrode (F(2.19, 48.21) = 5.791, p = 0.004, η²p = 0.208) There was no significant interaction between stimulus type and electrode site (F(1.95, 42.9) = 1.018, p = 0.368, η²p = 0.044). Post-hoc comparisons revealed significant differences between standards and deviants in sites O1 (t = -4.24, pholm < 0.001), O2 (t = -4.07, pholm < 0.001), Oz (t = -3.93, pholm < 0.001), PO7 (t = -3.89, pholm  < 0.001), PO8 (t = -3.22, pholm = 0.004), see supplementary Figure s3.
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Figure s3.  Grand average waveforms in electrodes used for analysis of the N2 component in Experiment 1. Shaded areas around lines show ±1 standard error of the mean with subtracted inter-subject variability. The time window of 250 to 350 ms used in the N2 analysis is highlighted.

In experiment 2 (unattended ensemble change)
 Repeated measures ANOVA with electrodes (O1, O2, Oz, PO7, PO8) as factors and stimulus type (Standard, Deviant) as factors revealed a significant effect of electrode (F(2.20, 50.53) = 4.305, p = 0.016, η²p = 0.158) and no effect of stimulus type (F(1,23) = 0.68, p = 0.418, η²p = 0.029). There was no significant interaction between stimulus type and electrode site (F(1.21, 27.79) = 1.433, p = 0.247, η²p = 0.059). 
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Abdtract

Our visual system is able to separate spatially intermixed objects into different categorical groups (e.g., berries and leaves) using the shape of feature distribution: Determining whether all objects belong to one or several categories depends on whether the distribution has one or several peaks. Despite the apparent ease of rapid categorization, it is a very computationally demanding task, given severely limited “bottlenecks” of attention and working memory capable of processing only a few objects at a time. Here, we tested whether this rapid categorical parsing is automatic or requires attention. We used the visual mismatch negativity (vMMN) ERP component known as a marker of automatic sensory discrimination. 20 volunteers (16 female, mean age—22.7) participated in our study. Loading participants’ attention with a central task, we observed a substantial vMMN response to unattended background changes of categories defined by certain length-orientation conjunctions. Importantly, this occurred in conditions where the distributions of these features had several peaks and, hence, supported categorical separation. These results suggest that spatially intermixed objects are parsed into distinct categories automatically and give new insight into how the visual system can bypass the severe processing restrictions and form rich perceptual experience.

Introduction

Every moment, our visual system deals with many objects in a visual scene. Despite the severe restrictions of  attentional and working memory capacities (Cowan, 2001; Pylyshyn & Storm, 1988)  precluding deep simultaneous processing of all objects (Wolfe et al., 2011) the visual system has much more information than these limits predict. One possible solution to this contradiction is the idea that the visual system extracts ensemble summary statistics from the whole set without holding information  about each individual item (Alvarez & Oliva, 2008). It was shown that observers can extract mean (Alvarez & Oliva, 2008; Ariely, 2001; Chong & Treisman, 2003, 2005) and variance/range (Dakin & Watt, 1997; Morgan et al., 2008) of some  features for a set of objects. Also, observers can rather accurately estimate an approximate number of objects (Burr & Ross, 2008; Halberda et al., 2006)  (however the debate whether it is an independent ability is still ongoing (Leibovich et al., 2017)). The broad spectrum of features can  be compressed into ensemble statistics: size (Ariely, 2001), orientation (Dakin, 1997), emotional expression (Haberman & Whitney, 2007), animacy (Leib et al., 2016), etc. Ensemble summaries can be represented perceptually rather than inferred which is supported by evidence from adaptation  aftereffects (Burr & Ross, 2008; Corbett et al., 2012). Ensemble information is extracted rapidly (as quickly as 50–200 ms (Chong & Treisman, 2003; Whiting & Oriet, 2011)) and often with no or  limited conscious access to individuals (Alvarez & Oliva, 2008; Ariely, 2001; Parkes et al., 2001). Recent studies showed that the visual system can represent the whole  distribution of features (Chetverikov et al., 2016). It suggests that mean, variance, and numerosity are not the only things representing ensemble information. Rather, these studies suggest that ensemble representations store quite rich information about the whole set of objects that can be useful for many cognitive tasks. One possible application of knowing the whole distribution is rapid categorization. In everyday perception, we often deal with sets of spatially interleaved objects of different types. A typical example is berries and leaves on a bush. Here, it makes more sense to split the berries and the leaves into independent groups before calculating ensemble summaries across these two sets. Indeed, this is what the visual system does. Not all objects necessarily get compressed into a single ensemble percept, one for all. The visual system can easily and rapidly parse a lot of interleaved objects into different color subsets and independently calculate ensemble summaries for each group  separately (Chong & Treisman, 2005; Im & Chong, 2014; Sun et al., 2016). Orientation can also serve as a cue for parsing into subsets, though not ideally (Inverso et al., 2016; Oriet & Brand, 2013). To be capable of such independent computations, the visual system has to rapidly “decide” that some elements are similar enough to include them in the same pool to process as an ensemble, whereas others are substantially different to exclude them from that pool. This “decision” that we term rapid ensemble-based categorization or segmentation requires access to more elaborated distributional properties than the grand mean or variance of the entire set. It was previously suggested that the ensemble-based segmentation of spatially overlapping subsets can be supported by the shape of an overall feature distribution along one or several visual dimensions (Utochkin, 2015). If the distribution has a single peak or is relatively flat (non-segmentable distribution), the visual system would treat all objects as belonging to one category. In contrast, if the distribution has several peaks and long gaps between them (segmentable distribution), this would more likely cause the perception of a set consisting of objects from different categories. In our example, the visual system treats berries and leaves as different types of objects because their features (e.g., colors, shape) are distributed in a bumpy manner. But we will likely see a single type of objects looking at autumn leaves on the ground because their color distribution contains many intermediate shades between red and green forming a flat, single-peak distribution. Empirical evidence for this theory comes from visual search (Utochkin & Yurevich, 2016) and texture discrimination (Utochkin et al., 2018). In light of the idea of the efficient ensemble representation beyond the bottleneck of attention and working  memory (M. A. Cohen et al., 2016), it is a debated question whether ensemble processing in general and ensemble-based categorization in particular require no attention: While some behavioral studies suggest efficient ensemble perception when  attention is occupied by another task (Alvarez & Oliva, 2008; Oriet & Brand, 2013) other studies show that at least some distributed attention is required  for ensemble processing (Huang, 2015; Jackson-Nielsen et al., 2017) or, at most, the whole ensemble percept is heavily based on attentional subsampling  of a few items (Myczek & Simons, 2008) . Ensemble-based segmentation occurs rather early (within 100–200-ms) and does not benefit  from longer presentation (Utochkin et al., 2018) which is consistent with presumably parallel processing associated with automatic, “preattentive” segmentation or categorization. However, the conclusion about preattentive versus attentiondemanding ensemble segmentation based solely on behavioral data is problematic because such tasks explicitly require discrimination based on ensemble properties implying that these properties are attended. In this work, we addressed this problem and tried to figure out whether the rapid segmentation of intermixed objects is automatic. Specifically, our approach was based on probing a neurophysiological correlate of automatic discrimination, visual mismatch negativity (vMMN).  The MMN component of the ERP is known as a correlate of automatic change detection in the sensory input (Näätänen, 1992). The visual system is capable of generating a mismatch signal while responding to the violations in unattended  environmental regularities (Pazo-Alvarez et al., 2003), both in physical parameters such as color or orientation (Durant et al., 2017) and in high-level features  including facial expression (Stefanics et al., 2011) or even in abstract rules (Li et al., 2012). The common method to probe the vMMN is the oddball paradigm, with a central task diverting participant’s attention and a background stimulus stream consisting of alternation between standard (frequent) and deviant (rare) stimuli. The typical vMMN is greater negative activity in response to the deviant compared to standard stimulus taking place in a 120–250 ms time window and topographically distributed in occipital and parietal electrode sites. To our knowledge, approaches to the  control of attention vary across the field of vMMN research and include demanding central tasks (Winkler et al., 2005), attentional  blink (Berti, 2011), and even no concurrent attentional task (Stefanics et al., 2014). Yet, vMMN as a posterior negativity has been consistently found regardless of these manipulations. Recent research on the effect of task difficulty on the vMMN showed  various, sometimes contradictory results (Kimura & Takeda, 2013; Kremlacek et al., 2013). It appears to be important to keep balance in task difficulty to divert attention and prevent the participants exhaustion. We designed our paradigm so that central changes were independent of background texture changes, which is an effective way of stimulus organization to dissociate the  effects of the two types of changes (Stefanics et al., 2014). Therefore, our method of manipulating attention is in line with existing approaches in the vMMN literature. To answer the question about the automaticity of rapid categorization using vMNN, we presented participants textures filled with lines differing in length and orientation while participants’ attention was occupied by another task. The distributions of lengths and orientations could be either two-peaks (segmentable) or uniform (nonsegmentable). A deviant event was the change of a length-orientation correlation sign (e.g., standard textures contained lines following “the longer–the steeper” rule, whereas deviant textures contained “the longer–the flatter” lines). Importantly, standard and deviant textures had identical distributions of lengths and orientations, so that they could not be discriminated based on simple summary statistics such as mean or variance. Rather, the discrimination could be based only on more localized subset analysis which necessarily implies rapid categorical parsing: e.g., detecting that ‘categories’ of long-steep and short-flat lines in standard stimuli are replaced by ‘categories’ of long-flat and short-steep lines in deviant stimuli. The results of the previous behavioral study with  similar stimulation (Inverso et al., 2016) predict that such discrimination will occur only for textures consisting solely of highly distinct, segmentable features that can provide clear, non-confusable categories. Thus, the vMMN (if present) in our paradigm would most likely reflect an ability to automatically detect the change in the statistics of multiple intermixed objects parsed into separate categories.


Method  
Participants. 
Minimum a priori sample size was set at fifteen participants, based on sample sizes typical for  many recent vMMN studies using similar designs (Durant et al., 2017; Kovarski et al., 2017). To meet potential technical problems, we recorded ERP data from 20 (16 female, mean age—22.7 years) neurologically typical students who participated as volunteers. All participants had normal or corrected-to-normal vision and gave written informed consent. The protocol was approved by the Research Ethics Ie of the Psychology Department, Higher School of Economics and followed the Declaration of Helsinki guidelines.  
Stimuli and procedure. 
The experiment was run using Presentation software (Version 18.0, Neurobehavioral Systems, Inc., Berkeley, CA, www.neurobs.com). Participants sat 90 cm from the monitor: one pixel was equal to 0.02° of visual angle from this distance. To provide textures for Ih the MMN were recorded, we generated sets of 64 white lines randomly fit In an 8 × 8-cell square grid subtending 8.62° × 8.62° area. All lines had a constant width of 0.06° and varied in length and orientation. Lengths varied between 0.33° and 1.11° with an increment step of 0.05° yielding 16 unique length values. Orientation varied between 11° and 86° with steps  of 5° (also 16 unique orientation values). A small black cross (0.45 cd/m2) with either longer vertical or longer horizontal hand (0.33° and 0.16°) was placed in the center of the texture and used both for gaze fixation and for the central attention-engaging central task. The distributions of lengths and orientations among textural elements (lines) were manipulated in terms of their shape to provide different degrees of “segmentability”. In each of the dimensions, the distribution could be either “segmentable” (two-peaks distribution consisting of only extreme values presented in equal proportions) or “non-segmentable” (uniform distribution consisting of extremes and all transition steps in equal proportions). Given the orthogonal manipulation of segmentability in length and orientation, we had four segmentability conditions: “both” (length and orientation are segmentable), “orientation” (only orientation is segmentable), “length” (only length is segmentable), and “none” (none of the features are segmentable). Figure 1A illustrates these four conditions. Importantly, lengths and orientations were strictly correlated within each display but the sign of this correlation was different across displays. If a correlation was r = − 1 then the longer the line, the steeper it was (Fig. 1A, top row). If a correlation was r = 1 then the longer the line, the flatter it was (Fig. 1A, bottom row). All displays differed from each other in the spatial distribution of elements, so that no individual length-orientation conjunction repeated at the same position many times in a row. Therefore, the sign of correlation was the only determinant of statistical differences between textures within each segmentability condition, whereas the feature distributions stayed constant and individual elements randomly changed their locations. The experiment had a within-subject blocked design. Each block consisted of a series of standard and deviant stimuli belonging to the same segmentability condition and differing only in the sign of length-orientation correlation. Each stimulus was presented for 200 ms followed by a non-jittered interstimulus interval of 400 ms. Participants were instructed to fixate a central cross and track its changes over time (central oddball task). They had to press a “D” button on a keyboard whenever the cross changed its orientation from vertical to horizontal (Fig. 1B). This central task was used to divert attention from textures. Central changes could occur only in standard trials. Oddball events for the cross and for the background textures were assigned to random, uncorrelated temporal positions in a block. Each participant was exposed to eight blocks of trials (4 segmentability conditions × 2 length-orientation correlations in a deviant vs. standard stimulus). The order of blocks was randomized across participants. The probabilities of the central and background oddball events in each block were 7.5% and 10% respectively (note, these two events could not happen in the same trial). The overall number of trials per block was 700 (630 standard and 70 deviant stimuli).
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Figure 1. Methods. (A) Example stimuli used in the four segmentability conditions of the experiment with two possible length-orientation correlations (r’s). (B) The time course of a typical trial in the experiment (“both” condition). Participants were instructed to press the “D” button whenever the central cross changed its orientation. In the oddball trials, the background texture changed the length-orientation correlation to the opposite. The central cross size is magnified for illustrational purposes.


EEG recording.
EEG was recorded using the ActiCHamp amplifier with 64-channel active AgCl electrodes (actiCHamp Plus, Brain Products GmbH, Gilching, Germany) placed on the scalp according to the modified 10–20 system. Both mastoid electrodes were used as reference. A ground electrode was placed on the participant’s forehead. The horizontal electrooculogram was recorded with a bipolar configuration between electrodes positioned lateral to the outer canthi of the two eyes. Vertical eye movements were monitored with a bipolar montage between electrodes placed above and below the right eye. Recording was performed with an on-line 50 Hz notch filter. After recording, the data was resampled to 500 Hz rate and re-referenced to the grand average. Off-line filters with a high cut-off at 0.1 Hz and low cut-off at 35 Hz were applied. EEG preprocessing was performed using BrainVisionAnalyzer software (BrainVision Analyzer, Brain Products GmbH, Gilching, Germany). Ocular artifacts were rejected using the ocular correction ICA algorithm.

Data analysis.
Behavioral data was analyzed in terms of the central task accuracy. We calculated the percentage of correct answers for reporting the change in the central cross. Both misses (a participant did not press the button, but the cross was changed) and false alarms (a participant pressed the button, but the cross was not changed) were taken into account as errors. For ERP-analysis, we extracted 700-ms length epochs including 200 ms of the pre-stimulus baseline period. The baseline was corrected among all segments. Trials with central change were excluded from the analysis. The epochs were averaged separately for the standard and deviant trials within each segmentability condition regardless of the sign of length-orientation correlation. We aimed to average 140 randomly predefined standard and 140 deviant epochs per condition uniformly distributed across each block. After preprocessing procedures, the average epochs number per condition per participant was 130 (SD = 11.9). To avoid the problem of averaging the amplitudes between positive and negative parts of the ERP curve, we obtained the difference wave by subtracting the response to standard from the response to deviant stimulus (Fig. 2A). Visual inspection of topographical scalp potential distribution of difference waves showed a negativity within 100–400 ms time window in following electrode sites over posterior region: O1, Oz, O2, P1, Pz, P2, P3, P4, P5, P6, P7, P8, POz, PO3, PO4, PO7, PO8 (Fig. 2B). Difference waves in these sites were combined and used for all analyses below (Fig. 2C). To specify the precise time window for the statistical analysis of the vMMN, we used a series of point-bypoint one-sample t-tests (left tailed), comparing the amplitudes of the difference wave’ in the four segmentability  conditions against zero within the 100–400 ms time interval (Guthrie & Buchwald, 1991). Only significant negative deviations in at least 12 consecutive data points (24 ms) were considered to indicate the presence of the vMMN. The corresponding time points were included in the final time window. After determining the time window, we calculated the mean amplitude of the difference wave over this time period and compared it against zero to determine the presence of the vMMN in each segmentability condition. We also ran a one-way repeated-measures ANOVA for these values to compare the vMMN differences between the conditions. The statistical analysis was run using standard significance tests and Bayes factors. In the Bayesian statistical inference, the Bayes factor (BF10) is the odds showing the relative likelihood of the H1 against the H0 given the data. The Bayes factors were calculated in JASP statistical software (JASP 0.11.0.1; JASP, Amsterdam, the  Netherlands). Jeffreys’s scale (Jeffreys, 1961), with Kass and Raftery’s adjustment (Kass & Raftery, 1995), was used to interpret the Bayes factors.
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Figure 2. Electrophysiological results of the experiment: (A) grand average waveforms with difference waves in posterior electrode sites in each of the segmentability conditions. (B) The scalp distribution of the event-related potential in different segmentability conditions split by temporal windows. (C) Grand averages of the difference waves as a function of the stimulus condition. Created using: BrainVision Analyzer, Brain Products GmbH, Gilching, Germany.
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Figure 3. The mean amplitude of the difference wave within a 150–266 ms time window as a function of segmentability. Error bars denote 95% confidence intervals, with between-subject variance removed in  accordance with the Cousineau method.

Results  
Data of five participants were excluded from analysis due to the prevalence of alpha rhythm and technical issues. Therefore, the data from fifteen participants were analyzed. All data including raw EEG can be found at https ://osf.io/tymv7/.

Behavioral data.
The percentages of correct answers in the central task were very high (> 92%) in all segmentability conditions. Presumably, most of the errors were caused by a short time window to respond (i.e., a participant noticed a central change but pressed the button too late, when the next trial has already started). This led to a recognizable pattern in the data: a trial with the change is marked as a miss and a next trial is marked as a  false alarm. Overall, we found no effect of segmentability on the error rate (F(3,42) = 1.859, p = 0.145, ηp2 = 0.119,  BF10 = 0.564). Mauchly’s test indicated that the assumption of sphericity had not been violated (χ2 = 6.81, p = 0.236). From the visual search literature, we know that the low frequency of a target event (central oddball  change in our case) makes the detection task harder (Wolfe et al., 2005). Therefore, based on such good performance rates, we conclude that our participants were attentionally engaged in the central task in all texture segmentability conditions. This lets us conclude that observers’ attention was mostly diverted from the background textures, which is important for the interpretation of the MMN.


Electrophysiological data.

Using the criterion described in Data analysis section (12 consecutive data points of significant negative deviation from zero), we revealed a reliable early negative deviation from the baseline within a 150–236 ms time window for the “both” condition, within 154–266 ms—for the “length” condition, and within 188–220—for the “none” condition. These deviations in the “both” and the “length” conditions had earlier latencies than that in the “none” condition. For the “orientation” condition, we found no reliable deviation from the baseline. Based on this, we defined our time window of interest as 150–266 ms to grasp a potential vMMN in all conditions at early stages of visual processing. In addition, we discovered the presence of a second negative “component” in some of the conditions, namely, within 294–360 ms for the “both” condition, 318–362 ms for the “length” condition, and 268–314 ms—for the “orientation” condition. However, such components with latency more than 300 ms likely reflect processes involving attention to some degree (Linden, 2005). We did not include these latencies in our time window of interest because our primary focus is on early, preattentive, automatic processing of stimuli. Mean amplitudes of difference waves were calculated for the time window of 150–266 ms (Fig. 3). Direct comparisons against zero (left tailed t-test) showed evidence of the presence of the vMMN for the “both” (t(14) = 3.572, p = 0.002, Bonferroni corrected α = 0.012, dz = 0.922, BF10 = 29.768) and the “length” (t(14) = 2.833, p = 0.007, dz = 0.732, BF10 = 8.741) conditions. For the “none” condition, we obtained borderline results (t(14) = 2.538, p = 0.012, Bonferroni corrected α = 0.012, dz = 0.655, BF10 = 5.45) and the “orientation” condition showed no evidence for the vMMN (t(14) = 1.011, p = 0.165, dz = 0.216, BF10 = 0.667). Repeated-measures ANOVA showed no  effect of segmentability on the mean amplitude of difference waves (F(1.763, 24.681) = 2.035, p = 0.156, ηp2 = 0.127,  BF10 = 0.95). Note that Mauchly’s tests indicated the violation of the assumption of sphericity (χ2(5) = 15.849, p = 0.007) so degrees of freedom, F-statistic, and p value were corrected using Greenhouse–Geisser correction.
The present results show that electrophysiological activity in posterior regions in response to deviant stimuli was greater than in response to standard stimuli (within early 150–266 ms time window) for “both” and “length” conditions which indicates the presence of the vMMN. At the same time, the other two segmentability conditions did not show reliable difference between standard and deviant stimuli. Therefore, we conclude that there was no strong evidence for vMMN in these conditions.


Discussion

In this study, we used the vMNN as an indicator of automatic sensory processing for testing whether the categorical parsing of multiple objects based on statistical distributions of their features is automatic. Our main result was the finding of the early vMMN in the “both” and the “length” conditions when both feature distributions or at least length were segmentable. In contrast, there was no strong evidence for the vMMN in the other two conditions. Given our sample and the low-level character of the task, we consider our results broadly generalizable to the population of neurotypical observers. As a general case, global texture discrimination based on the correlation between the features when the feature statistics are kept fixed across the textures is a difficult task (A. M. Treisman & Gelade, 1980; Wolfe, 1992). Some of the prominent theories suggest that  global preattentive processing is only capable of detecting large differences in simple feature statistics (Bergen & Julesz, 1983; A. M. Treisman & Gelade, 1980) and that focal attentional processing is required to process more complex feature conjunctions. Our vMMN results demonstrated that this is not always the case. We kept the distributions of lengths and orientations the same, so no simple feature statistics could be used to discriminate between standard and deviant textures. Therefore, our correlation manipulations could be globally detected only as conjunction-based differences. Contrary to the predictions of the aforementioned theories, the finding of the vMMN in such a task indicates that there can be some early discrimination of length-orientation correlations that occurs when focused attention is engaged with another task. However, the MMN in our study was modulated by the shape of the feature distributions, as considerable MMN were observed only when the feature distributions had clear peaks. We interpret this finding in terms of rapid segmentation and categorization. As proposed earlier (Utochkin, 2015), the two-peaks distributions support good segmentability. We suggest that when length and orientation distributions were two-peaks (“both” condition), they supported the segmentation into categorical subsets that could be then contrasted across textures (e.g., long-steep  vs. long-flat). Importantly, this vMMN result matches the previously reported behavioral pattern (Utochkin et al., 2018) showing that participants could perform an explicit texture discrimination task with similar stimuli only when both features had a two-peaks distribution. Given this resemblance between the occurrence of the vMMN and the rise of texture discrimination in the behavioral experiments, we conclude that an early automatic process can contribute to the rapid segmentation of categorically distinct sets of objects based on their ensemble statistics. This is also in line with a finding that the segmentability effect on discrimination quickly grows within 200 ms and stays approximately the same at later durations, that is, it does not benefit from the serial deployment of attention (Gorea et al., 2014). Unlike behavioral results, where the segmentability effect was found only for the condition with both segmentable distributions, the current study also showed the vMMN in the “length” condition where only one distribution was segmentable. At the same time, similar vMMN was not found in the condition where another feature, orientation was segmentable alone. One possible explanation is that feature separation in the segmentable length distribution was a stronger supporter of preattentive segmentation whereas orientation separation alone was insufficient. A more sophisticated explanation can come from the differences in the nature of length and orientation as feature dimensions. Length, or size in general is an asymmetrical sensory dimension in a sense  that bigger elements are usually more salient among small ones than vice versa (A. Treisman & Gormican, 1988; A. M. Treisman & Gelade, 1980). Therefore, if long lines were well segmented, they could further automatically bias orientation comparison toward a category of long lines (picking long lines and detecting a change in their mean orientation). Presumably, this did not occur when only orientations were segmentable because orientation is not an asymmetrical feature dimension and, thus, would not bias processing to the steep or flat category based on automatically detected saliency. These suggested explanations need thorough testing in the future research. To recapitulate, our analysis of rapid ensemble-based categorization started with an example of seeing berries among leaves on a bush. Our results show that, if a subset of items is distinct (segmentable) from another subset then these subsets are differentiated automatically from each other. Previous work on the perception of spatially non-overlapping textures has shown that they can be segregated effortlessly and automatically if supported by  substantial differences in region statistics (Julesz, 1981; Nothdurft, 1993; Rosenholtz, 2000). For such spatial organization, the ease of segmentation can be explained by known properties of low-level visual organization, with retinotopic structure and local interactions, such as lateral inhibition (Knierim & van Essen, 1992). Here, we provide evidence that even in poor spatial organization, spatially intermixed items of different kinds still can be automatically determined as belonging to different categories. Ensemble representation of the overall feature distribution can be a potential basis for such categorization. It is important to note that spatial overlap in some cases interferes with individual subset processing, even if the  subsets are perfectly segmentable (Im & Chong, 2014; Inverso et al., 2016; Oriet & Brand, 2013; Utochkin et al., 2018). This may indicate some additional difficulties with the suppression of irrelevant subsets and, hence, suggests the role of attention in multi-location selection. However, these selection and suppression issues appear not to influence categorization itself that, according to our data, can occur “preattentively”, that is, prior to the selection stage. In this study, we tested whether the visual system can automatically detect the violation of the statistical structure of a texture. Although texture differences were defined in terms of length-orientation correlation, we presume that our paradigm was aimed to test mostly rapid ensemble-based categorization rather than correlation perception per se. In support for this claim, our previous behavioral data (Utochkin et al., 2018) showed that, as a general case, people are practically insensitive to even extreme correlation changes: Observers had extremely low sensitivity (d′ = 0.0–0.3) even when two texture patches had correlations r = 1 and − 1. However, observers were substantially better at texture discrimination (d′ = 0.7–0.8) when both length and orientation had two-peaks distributions. The general insensitivity to correlation changes with the greater (though not perfect) sensitivity to changes in the two-peaks distributions suggests that observers utilized the shapes of feature distributions rather than correlations. In conclusion, we presented new neurophysiological evidence that numerous spatially irregular, intermixed items can be rapidly parsed into different categories at an early, automatic stage of visual processing. This parsing is driven by global ensemble statistics of feature distributions across the entire visual field. Overall, this finding contributes to our growing understanding of the role of ensemble perception in building relatively rich visual  representation beyond the limited-capacity systems (M. A. Cohen et al., 2016).
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[bookmark: _Int_FugOefPo]The visual world is complex; however, we still access its richness despite computational limits in our visual system. Ensemble perception overcomes this bottleneck by extracting statistics—such as the mean, standard deviation, or other distributional characteristics—of feature sets like orientations or facial expressions, without processing each object individually. The role of attention in ensemble processing is debated: can we extract statistical information about a set when do not attend to it? To address this question, we used the Posner cueing paradigm in which participants reported the orientation of a single Gabor patch or the mean orientation of an ensemble of Gabors. A central arrow cue pointed to either the right or left prior to bilateral stimulus presentation, and a probe indicated which side should be reported. In 20% of trials, the postcued location differed from the precued, misdirecting attention (invalid trials); in others, cues aligned (valid trials). We used EEG recordings to verify attentional shifts.  Response accuracy was impaired on invalid compared to valid trials in both the single Gabor and ensemble conditions. Accuracy dropped to chance levels on incongruent ensemble trials but remained above chance, though reduced, on single trials. EEG multivariate pattern analysis (MVPA) confirmed attentional shifts, with above-chance classification accuracy of the attended side in both single and ensemble conditions. These findings indicate that attention is essential for accurate ensemble perception, as misdirecting attention severely disrupts the ability to report the mean orientation of an ensemble.

Keywords: ensemble perception, spatial attention, N2pc, cueing. 

Introduction
Our ability to swiftly extract the gist of a cluttered visual scene is a testament to the efficiency of human perception. One key mechanism supporting this is ensemble perception—the process of summarizing groups of objects by extracting statistical properties such as their average size, orientation, or color (Ariely, 2001; Chong & Treisman, 2003). Often considered a mechanism to circumvent the limitations of attention and working memory (Cohen et al., 2016), ensemble perception compresses complex visual input into manageable summaries, potentially without requiring detailed processing of individual items(Alvarez, 2011; Brady, 2012; Luo & Zhao, 2018). Yet, the extent to which this process depends on attention remains unclear. While some evidence suggests that ensemble perception operates pre-attentively (Khayat et al., 2023) , other studies indicate that attention is necessary (Jackson-Nielsen et al., 2017).
A theoretical debate is focused on whether ensemble perception can occur with limited attentional involvement. Evidence for an efficient ensemble coding with reduced attention includes findings that observers can monitor changes in a background spatial ensemble pattern, while simultaneously detecting centrally presented motion stimuli (Alvarez & Oliva, 2008) and that spatial attention, manipulated via a Posner cueing paradigm, has no effect on motion ensemble processing (Talipski et al., 2022). Khayat & Hochstein (2018) showed that participants implicitly relied on statistical properties of a set of items, favoring stimuli near the set mean as members and efficiently rejecting nonmembers outside the set range, despite instructions only to recall presented items. Interestingly, case studies of patients with unilateral spatial neglect—a condition affecting spatial awareness—show that while these patients cannot complete tasks requiring focused attention, their perception of global statistics remains intact. This suggests that attention may not be necessary for perceiving global statistics (Hochstein et al., 2015).
In contrast, other research highlights attention’s necessity. For example, Dakin et al. (2009) found that an attention-demanding secondary task reduces efficiency in judging the average orientation of Gabor patches. Jackson-Nielsen et al. (2017) found robust inattentional blindness effects on color and size ensemble discrimination. Lukashevich et al. (2025) also found electrophysiological markers of changes in ensemble orientation statistics of sets of lines when attended, but no such markers when the sets were unattended, supporting the crucial role of attention. These conflicting findings underscore the need to clarify attention’s role in ensemble processing. 
[bookmark: _gn1dgltgnxr]The present study evaluates the role of attention in ensemble statistics. We investigate this by employing a Posner cueing paradigm (Posner, 1980) to manipulate spatial attention to and away from an ensemble of orientated Gabor patches. This paradigm uses a cue – here, a central arrow – to reliably shift spatial attention to the cued side (Posner et al., 1980). We then compare performance for mean orientation estimation in valid (attention cued to the location of the upcoming target stimulus) and invalid (attention cued away from the target location) trials, to look for potential attentional benefits in ensemble processing. As a control, we include similar cueing of single Gabors, as attentional benefits for single items are well documented (Chen, 2012). To confirm attentional deployment to cued locations in the behavioral task, EEG signal is recorded simultaneously. We focus on the N2pc component classically associated with attentional shifts and target processing (Eimer, 1996; Woodman & Luck, 1999). Additionally, we perform EEG decoding of cued versus uncued stimuli to confirm attentional shifts. By combining behavioral results with neural evidence, this study seeks to resolve whether ensemble perception of orientation is attention-dependent or can occur without spatial attentional focus. These findings may refine models of visual cognition, clarifying how attention shapes our ability to summarize visual input. 


Method
[bookmark: _im2asr4stu62]This study is preregistered  (https://osf.io/tgjp7). We follow our preregistered pipeline for data collection, sample size, stopping rule, manipulated variables, measured variables, EEG regions of interest, EEG components including time window, and data exclusion criteria based on eye movements. We additionally exclude trials with ocular artifacts, as detailed below, and add multivariate pattern analysis (MVPA) to verify attentional deployment. Due to floor effects in certain conditions, we deviate from our preregistered pipeline for hypothesis testing, as such effects make intended statistical analysis uninterpretable. This includes the exclusion of trials with unrecognizable images derived from objects (texforms), and real objects; these will not be discussed further here. The experimental protocol was reviewed by the Internal Review Board of University of Iceland (protocol: SHV2023-037).

Participants
The overall sample includes 30 students (mean age 19.6, range from 18 to 30; 11 male, 19 female) of the University of Iceland who participated in exchange for partial course credit. This sample size was based on a power analysis performed in G*power (Faul et al., 2007). The sample size needed to detect an effect size (Cohen’s dz) of  0.5 (medium) and power of 0.8 for a one-tailed t-test was 27 participants. As preregistered, three additional participants were recorded in case of possible technical issues. All participants reported normal or corrected-to-normal vision and no prior history of neurological diseases. All gave written informed consent.
Stimuli
Participants sat approximately 50 cm from a computer monitor. In the single object task, two Gabor patches (size: ~4.5°, spatial frequency: 8 cycles per object, Gaussian mask) were presented, one on each side of a central fixation cross, positioned symmetrically at ~11.2° from screen center. The orientation of each Gabor was randomly drawn from a normal distribution with a mean of 25 degrees (clockwise) or -25 degrees (counterclockwise) from vertical (standard deviation: 20 degrees), truncated to 0.5 to 30 degrees or -0.5 to -30 degrees, respectively. This ensured strictly clockwise or counterclockwise orientations. 
[bookmark: _d8g79w2jb1i]In the ensemble task, two sets of 16 Gabor patches each (size: ~3.2°, spatial frequency: 8 cycles per object, Gaussian mask) were displayed on 4×4 grids to the left and right of a central fixation cross, with individual positions jittered on each trial. The orientations within each set were drawn from a normal distribution with a mean of 25 degrees (clockwise) or -25 degrees (counterclockwise) and a standard deviation of 20 degrees, allowing both clockwise and counterclockwise orientations within each set (figure 1). 



[image: ]

Figure 1. Upper panel depicts the ensemble stimuli examples. Lower panel : distributions used to create both single and ensemble stimuli. In the single object task, each distribution was truncated from 0.5 to 30 degrees in the clockwise condition and -30 to -0.5 in counterclockwise condition. 0 degrees represents a vertical orientation. 

Procedure
Behavioral task
Each participant completed six blocks of trials for the following conditions: Gabors (120 total trials from the Gabor single task and 120 total trials from the Gabor ensemble task), texforms (not analyzed here), and objects (not analyzed here). Block order was random for each participant. Within each block the amount of right and left cues were equal, as were the number of single and ensemble trials; trial order within a block was random. Each Gabor trial began with a fixation cross (~1.2°x1.2°) displayed at the center of the screen. The fixation cross was shown for a variable random interval of 2000-2500 ms. A precue (white arrow, size: ~3.2°, positioned ~2.6° vertically from screen center) was then presented for 200 ms, indicating the likely side (left or right) of the upcoming task-relevant target stimuli. Following a variable random interval of 300–500 ms, bilateral stimuli were shown for 300 ms, succeeded by bilateral random noise masks (size: ~16°x16°) for 150 ms. Next, one side (left or right) was highlighted with a white probe rectangle contouring the previous stimulus location, and participants were instructed to indicate whether the (mean) stimulus orientation of the highlighted target side was clockwise (press ‘L’) or counterclockwise (press ‘A’). In 80% of trials (valid trials), the target side matched the cued side; in 20% (invalid trials), it  was opposite. Participants were not informed about the presence of invalid trials. The next trial began immediately [image: ]after the participant’s response (figure 2). 

Figure 2. Trial structure. Each trial starts with an arrow cue, followed by the presentation of bilateral stimuli; participants are instructed to report the orientation of stimuli at the location of a square probe. The upper panel represents an example trial with a valid cue (arrow points to postcued location). The lower panel represents a trial with an invalid cue (arrow points away from the probed location).  The size and location of trial elements (stimuli and cues) in the figure enhance visibility but do not represent actual sizes and positions as shown in the experiment.


EEG recording
[bookmark: _n2vyqiqcpztm][bookmark: _32sdaibnr08d]EEG data were recorded using an ActiCHamp amplifier with 32-channel active AgCl electrodes (ActiCHamp Plus, Brain Products GmbH, Gilching, Germany), referenced to the FCz electrode. Electrodes were positioned according to the 10-20 system. Horizontal eye movements and blinks were monitored using electrode pairs FT9/FT10 (HEOG) and Fp1/Fp2 (VEOG). The recording was conducted at a sampling rate of 1000 Hz. EEG preprocessing was performed using the BrainVision Analyzer software (BrainVision Analyzer, Brain Products GmbH, Gilching, Germany).

Data analysis
Oculography recording
As per the preregistration, all trials including clear saccades were discarded based on oculography recordings (HEOG and VEOG). A clear saccade was defined as more than 1 degree of visual angle from the central fixation point. Saccade amplitude measurements were calibrated as follows: Before the experiment, participants were instructed to fix their gaze at the center of the screen on a fixation point (size ~0.6°). After that a red dot (~1°) appeared at either ~3° or ~6° to the right or left of the fixation point. Participants were asked to make a saccade to the red dot, fixate their gaze and then press the “space” button and then return to the fixation point. Interstimulus interval is jittered between 1200 and 1600 ms. Participants completed 60 trials (four blocks of 15 trials).
EEG recording
The continuous EEG was epoched into segments from -200 ms to 600 ms relative to Gabor stimuli onset, with the pre-stimulus period (-200 to 0 ms) as baseline.  For left-cued trials, contralateral electrodes were P8 and P4, while ipsilateral were P7 and P3; for right-cued trials, contralateral electrodes were P7 and P3, and ipsilateral were P8 and P4. Epochs were averaged across trials for each task to create contralateral and ipsilateral waveforms. We checked the presence of an N2pc component by comparing mean amplitudes for ipsi- and contralateral signals in a 200 to 350 ms time window were compared using paired t-tests.
As a part of exploratory analysis, not included in the preregistration we also applied multivariate pattern analysis (MVPA) using support vector machine (SVM) classification was applied to the previously preprocessed and epoched data. We used a decoding feature within ERPLAB toolbox (Luck, 2014). Decoding of the direction of attention (right- vs.  left-cued trials) was implemented using the N-crossfold cross-validation procedure. Five cross-validations folds were used. We included 31 electrodes in the decoding (reference excluded). Mean classification accuracy (proportion of correct classifications) was then compared to a chance level of 50% using a one-sample t-test.
Behavioral performance
Behavioral performance was evaluated using the sensitivity index d prime, calculated as d' = .  
We defined HR (hit rate) as the proportion of clockwise stimuli correctly judged as clockwise, and FA (false alarm) as the proportion of clockwise stimuli incorrectly judged as counterclockwise. Cueing effects in the single object and ensemble conditions were assessed by comparing d' for invalid and valid trials using paired t-tests. Additionally, d’ on invalid trials was compared to chance levels using a one-sample t-test. 

Results
Behavior
Single object task
For invalid trials, the mean d' was 0.39 (SD = 1.02), with a median of 0.39 (range: -1.15 to 3.41), indicating performance slightly above chance level. A follow-up one-sample t-test confirmed that mean performance was significantly different from chance, t(29) = 2.12, p = .042, d = 0.38. For valid trials, the mean d' was 1.29 (SD = 1.49), with a median of 1.29 (range: -1.64 to 4.48). A paired t-test comparing performance on valid and invalid trials revealed a significant cueing effect, t(29) = -3.42, p = .002, dz = 0.68 (figure 3A).

Ensemble task
For invalid trials, the mean d' was −0.07 (SD = 1.49), with a median of −0.14 (range: −3.02 to 3.63). Mean performance on invalid trials was not significantly different from chance, t(29) = −0.27, p = .788, dz = −0.05. For valid trials, the mean d' was 0.90 (SD = 1.26), with a median of 1.16 (range: −2.78 to 2.77). A paired t-test revealed a significant cueing effect, t(29) = 3.10, p = .004, dz = 0.68 (figure 3B).
[image: ]
Figure 3. Boxplots depict the sensitivity (d') of orientation judgments on valid (red) and invalid (cyan) trials in the single object task (panel A) and the ensemble task (panel B). In both tasks, a cueing effect is observed as indicated by a significant drop in performance from valid to invalid trials (** p < 0.01). Each box represents the interquartile range (IQR), spanning the 25th to 75th percentiles of the data. The horizontal line within each box indicates the median. Whiskers extend to the most extreme values within 1.5 × IQR of the lower and upper quartiles. Dots represent outliers, defined as values falling below the 25th percentile minus 1.5 × IQR or above the 75th percentile plus 1.5 × IQR.

N2pc ERP Component
Single object task
A paired t-test was conducted to compare ERP amplitudes recorded at posterior electrodes contralateral versus ipsilateral to the precued location during the 200–350 ms time window. The results revealed a significant effect of cueing, with amplitudes being lower on the contralateral side compared to the ipsilateral side (t(29) = -2.78, p = .009, d = 0.51). This pattern is consistent with the presence of the N2pc component (Figure 4A).
Ensemble task
A paired t-test comparing amplitudes contralateral versus ipsilateral to the precued side in the ensemble condition did not reveal a significant effect of cueing (t(29) = 0.75, p = .46, d = -0.14), indicating no clear elicitation of the N2pc component in the 200–350 ms time window (figure 4B).

[image: ]

Figure 4. ERP waveforms time-locked to bilateral Gabor stimuli presentation. Orange line – electrodes contralateral to the precued side, blue – ipsilateral(P3/P4 P7/P8) Time window selected for analysis (200 to 350 ms) is highlighted with a grey rectangle. Lower graphs stand for difference wave (ipsilateral minus contralateral amplitude). Ribbons represent 95% confidence intervals). Left panel – single condition. Right panel– ensemble condition. 
EEG Decoding
Single object task
The mean decoding accuracy (0 to 500 ms) of classifying the attended (cued) visual field (right-attended vs. left-attended trials) across all trials was 57% (SD = 11 percentage points), averaged over participants and conditions. A one-sample t-test was used to compare it to the chance level of 50%, revealing a significant difference (t(29) = 3.56, p = 0.001). This indicates that the direction of attention could be reliably decoded from EEG data and confirms that attention was successfully shifted to the precued visual field (figure 5A).

Ensemble task
Analogously the same logic was applied to decoding accuracy in the ensemble condition. The mean decoding accuracy over 0 to 500 ms for classifying the attended visual field in the ensemble condition was 57% (SD = 8 percentage points). A one-sample t-test compared this mean accuracy to the chance level of 50%, revealing a significant difference (t(29) = 4.35, p < 0.001; figure 5B)
[image: A graph and a chart
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Figure 5. MVPA decoding accuracy for the classification of right attended versus left attended stimuli in single and ensemble tasks time locked to Gabor onset.  The red line represents chance decoding level (50%). The error ribbon represents ± 1 SE with subtracted inter-subject variability. The shaded time periods highlight significant deviance from chance  (one-sample t-test). Panel A reflects the single object condition. Panel B reflects the ensemble condition.


Discussion
This study examined the role of spatial attention in ensemble perception of orientation using Gabor patches within a Posner cueing paradigm. The current results show that spatial attention is indispensable for accurate ensemble perception. When attention was misdirected via invalid cues, participants’ ability to judge the mean orientation of Gabor patch ensembles dropped to chance levels. This performance decline highlights that ensemble perception—far from being an automatic process—requires properly allocated spatial attention to function effectively.
These results build on and extend our previous research where we found that attention appears to be necessary for ensemble orientation perception with line stimuli. In that study, changes in ignored task-irrelevant ensembles failed to elicit a visual mismatch negativity (vMMN), a marker of automatic sensory discrimination, suggesting that ensemble processing does not occur without attentional focus. However, the absence of an EEG marker for processing without attentional focus does not guarantee that no such processing is possible. The current findings reinforce our prior conclusion: even when ensembles are task-relevant, misdirecting spatial attention greatly impairs performance, consistent with the idea that ensemble perception is inherently attention-dependent. This consistency across different stimuli (lines and Gabor patches) and paradigms (vMMN elicitation, Posner cueing effects) strengthens the argument against fully automatic ensemble processing.
Performance declined for both ensemble and single-item conditions when to-be-judged stimuli were not attended (invalidly cued trials compared to validly cued trials) - with discrimination ability fell to chance levels in the ensemble condition when spatial attention was diverted. This suggests that spatial attention is important for ensemble statistics perception, challenging the notion that ensemble perception might be more robust or less reliant on attention than single-item perception (Bronfman et al., 2014; Ji et al., 2018). For peripherally presented stimuli, at least, both processes appear to share a crucial dependency on spatial attention.
Attentional deployment to the cued side was verified by above-chance EEG decoding accuracy for cue direction (left vs. right), indicating that the spatial cue effectively biased attention toward the intended location. This neural correlate provides additional support for the conclusion that spatial attention is a prerequisite for effective ensemble processing, linking behavioral impairments directly to attentional allocation. 
An unexpected finding was the absence of the N2pc component for attended ensembles, despite the use of the Posner cueing paradigm to manipulate spatial attention. Typically, N2pc reflects lateralized attentional selection of a specific target (Luck & Hillyard, 1994). Indeed, the component was found when comparing attended vs. unattended single Gabors – yet it was not observed when participants judged the mean orientation of 16 Gabor patches. This could suggest that ensemble perception does not rely on the selection of individual items within the group. Unlike traditional attentional tasks where attention is directed toward a specific target (reflected in the N2pc component), judging the average orientation of an ensemble may involve a different mechanism—one that processes the group as a whole rather than focusing on a particular element.
However, the substantial performance drop to chance levels in invalid cue trials for both ensemble and single-Gabor conditions indicates that spatial attention remains essential. The lack of N2pc might instead reflect a broader distribution of attention across the ensemble, insufficient to trigger the sharp contralateral negativity of target selection, rather than complete attention independence. This is supported by our EEG decoding results, which successfully distinguished attended from unattended sets, confirming attentional engagement. 
These findings contribute to the debate about whether ensemble perception can occur pre-attentively. Some research supports automatic ensemble processing, citing evidence that observers can extract summary statistics such as average size or color without focal attention (Bronfman et al., 2014). However, our results align with studies arguing that attention is essential (e.g., Jackson-Nielsen et al., 2017; McNair et al., 2017). The performance drop from valid in invalid cue conditions suggests that, for orientation and peripheral stimuli, ensemble perception cannot proceed effectively without attentional resources allocation. This challenges models proposing that ensemble perception is a pre-attentive mechanism and emphasizes the need for attention, particularly outside the central visual field (Joo et al., 2009)
To conclude, we demonstrate that spatial attention is vital for accurate ensemble perception of orientation. 
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