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Abstract  
 
Our visual world presents us with an abundance of sensory informa?on, yet only a subset can be 
processed due to the inherent capacity limita?ons on a'en?on and percep?on. Predic?on and 
a'en?on are two cogni?ve processes that assist in making sense of dynamic informa?on: 
predic?on u?lizes prior informa?on to guide the processing of new sensory informa?on, while 
a'en?on selec?vely enhances the processing of informa?on relevant to behavior. This thesis 
aimed to explore the rela?onship between predic?on and a'en?on in shaping our percep?on of 
moving objects, using a combina?on of psychophysics and electrophysiological approaches 
coupled with a'en?onal manipula?ons.  
 
In Chapter 2, we explored how predic?ons manifest in percep?on through the flash-lag effect, 
where a sta?c s?mulus appears to lag a behind a con?nuously moving object despite being 
physically aligned. We show that this perceptual discrepancy arises from the brain’s extrapola?on 
of mo?on to compensate for neural processing delays. Addi?onally, we found that the magnitude 
of the illusion systema?cally varies with the perceived speed of mo?on, underscoring the explicit 
representa?on of velocity in predic?vely encoding the posi?on of moving objects.  
 
Following this, in Chapter 3, we inves?gated how a'en?on influences predic?ons in dynamic 
environments involving mul?ple moving objects. We revealed that divided a'en?on among 
mul?ple s?muli leads to a stronger flash-lag effect compared to when a'en?on is focused on a 
single s?mulus. This suggests that when the task demands monitoring of mul?ple moving objects 
simultaneously, a'en?on serves to guide extrapola?on to efficiently compensate for 
accumulated delays in processing these objects with limited a'en?onal resources.  
 
Finally, in Chapter 4, we employed mul?variate pa'ern analyses on EEG data to examine the 
neural evidence of mo?on extrapola?on within compe?ng s?mulus streams. We discovered that 
when a stream is a'ended, sensory-like representa?ons of a s?mulus’ future posi?on can be 
driven solely by predic?on. Conversely, when the stream is ignored, the representa?on of its 
future posi?on is consistent only with s?mulus presenta?on. This implies that a'en?on allocates 
all processing resources towards an?cipa?ng the future posi?ons of task-relevant objects, 
thereby enhancing percep?on and behavioral performance while suppressing distractors.  
 
Taken together, this research illuminates how a'en?on may be strategically allocated to guide 
extrapola?on to achieve an efficient monitoring of mul?ple moving s?muli or accurate encoding 
of task-relevant s?muli. This serves to facilitate successful naviga?on within dynamic visual 



 

environments. I discuss the rela?onship between predic?on and a'en?on within a 
comprehensive framework consistent with predic?ve coding theories. 

  



 

 

Deutsche Zusammenfassung 
 
Unsere visuelle Welt beinhaltet eine Fülle von sensorischen Informa?onen. Aufgrund von 
Kapazitätsbeschränkungen von Aufmerksamkeit und Wahrnehmung kann jedoch nur eine 
Teilmenge verarbeitet werden. Vorhersagen und Aufmerksamkeit sind zwei kogni?ve Prozesse, 
die dabei helfen, dynamische Informa?onen effizient zu verarbeiten: Vorhersagen steuern die 
Verarbeitung neuer sensorischer Informa?onen aus Basis vorheriger Informa?onen, während 
Aufmerksamkeit selek?v die Verarbeitung verhaltensrelevanter Informa?onen fördert. Ziel dieser 
Disserta?on war es, die Beziehung zwischen Vorhersage- und Aufmerksamkeitsprozessen bei der 
Wahrnehmung bewegenden Objekten zu erforschen, wobei eine Kombina?on aus 
psychophysikalischen und elektrophysiologischen Ansätzen in Verbindung mit 
Aufmerksamkeitsmanipula?onen verwendet wurde.  
 
In Kapitel 2 haben wir untersucht, wie sich Vorhersagen in der Wahrnehmung im sogenannten 
„Flash-Lag-Effekt“ manifes?eren, bei dem ein sta?scher S?mulus einem sich kon?nuierlich 
bewegenden Objekt hinterherzuhinken scheint, obwohl er physikalisch an einer äquivalenten 
Posi?on präsen?eret wird. Wir zeigen, dass diese Wahrnehmungsdiskrepanz durch Extrapola?on 
von Bewegung durch das Gehirn Kompensa?on von Verzögerungen in der neuronalen 
Verarbeitung erklärbar ist. Darüber hinaus haben wir festgestellt, dass das Ausmaß der Illusion 
systema?sch mit der wahrgenommenen Bewegungsgeschwindigkeit variiert, was für eine 
explizite Repräsenta?on der Geschwindigkeit bei der prädik?ven Kodierung der Posi?on von sich 
bewegenden Objekten spricht.  
 
Anschließend haben wir in Kapitel 3 untersucht, wie Aufmerksamkeit die Vorhersagen in 
dynamischen Umgebungen mit mehreren sich bewegenden Objekten beeinflusst. Hier zeigte sich, 
dass die Verteilung der Aufmerksamkeit auf mehrere S?muli im Vergleich zu einer fokussierten 
Aufmerksamkeit auf einen Reiz zu einem stärkeren Flash-Lag-Effekt führt. Dies deutet darauf hin, 
dass bei gleichzei?ger Beobachtung mehrerer sich bewegender Objekte Aufmerksamkeit dazu 
dient, die Extrapola?on zu steuern, um die akkumulierten Verzögerungen bei der Verarbeitung 
dieser Objekte effizient zu kompensieren.  
 
In Kapitel 4 schließlich untersuchten wir mit Hilfe mul?variater Musteranalysen von EEG-Daten 
die neuronale Evidenz der Bewegungsextrapola?on innerhalb konkurrierender 
Reizübertragungen. Wir entdeckten, dass die sensorische Repräsenta?on der zukünVigen 
Posi?on eines S?mulus allein durch Vorhersage gesteuert werden kann, wenn dieser 
Reizübertragung beachtet wird. Wird der Reizübertragung hingegen ignoriert, ist die 
Repräsenta?on seiner zukünVigen Posi?on nur mit der S?muluspräsenta?on möglich. Dies 



 

bedeutet, dass Aufmerksamkeit alle Verarbeitungsressourcen auf die Vorhersage der zukünVigen 
Posi?on aufgabenrelevanter Objekte richtet und dadurch die Wahrnehmung und die 
Verhaltensleistung verbessert, während Ablenkungen unterdrückt werden.  
 
Zusammengenommen beleuchten dies Forschungsergebnisse, wie Aufmerksamkeit strategisch 
ausgerichtet wird, um Extrapola?on zu steuern und eine effiziente Beobachtung mehrerer sich 
bewegender Reize oder eine genaue Kodierung aufgaben relevanten Reize zu erreichen. Dies 
erleichtert die erfolgreiche Naviga?on in dynamischen visuellen Umgebungen. Ich disku?ere die 
Beziehung zwischen Vorhersage- und Aufmerksamkeitsprozessen in Rahmen von „predic?ve 
coding“ Theorien. 
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CHAPTER 1  
 
General Introduc,on 
 
Visual perception is much more complex than what is often imaged on the eye. We are constantly 
exposed to streams of information, such as the bustling activity of a crowded street, passing cars, 
and changing lights, which shape how we perceive our visual world. The visual system is adept at 
processing these changes that unfold before us, allowing us to navigate through complex stimuli. 
At the heart of this experience is the brain’s ability to make sense of dynamic information. 
Selecting the appropriate subset of information to process is crucial, especially in rapidly 
changing, dynamic environments. For example, selective attention allows us to focus on features 
that are relevant to behavior. Our ability to monitor the color of a traffic light while approaching 
an intersection, while ignoring the shape or size of the signal, exemplifies that attention serves 
as a filter for specific features of the environment while ignoring others. Another critical 
mechanism involves prediction, anticipating future events based on prior knowledge of the world. 
In dynamic environments, probabilistic regularities enable an anticipation of when or where task-
relevant information might occur, for example, seeing the traffic lights change from green to 
yellow is a predictor of an impending red color. These regularities can be exploited to allocate 
attentional resources in anticipation of relevant information. At the same time, probabilistic 
regularities could involve seemingly task-irrelevant features – suppose even if a traffic light’s 
color is the key feature of relevance, at a busy intersection the spatial location of the traffic light 
indicates whether the displayed color is relevant to the observer or not (to drivers in other lanes). 
In this thesis, I will explore how prediction and attention influence perception, with a focus on 
the role of attention in predictive motion processing in the visual system.  
 
This introductory chapter is divided into two parts. The first part provides an overview of visual 
processing and the challenges posed by visual processing delays. It also explores how the brain 
overcomes the problem of neural delays to perceive dynamic s?muli, such as moving objects, in 
real ?me. The second part provides a concise literature review of a'en?on, a crucial top-down 
mechanism in visual percep?on. 
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Visual processing 
 
The anatomical organization of the visual system follows a hierarchical structure (Hubel & Wiesel, 
1968). Visual information is initially captured by photoreceptor cells in the retina. Through the 
optic nerve, visual information from both eyes is integrated before reaching the lateral geniculate 
nucleus (LGN) of the thalamus. From the LGN, this information is propagated posteriorly, where 
the processing hierarchy begins within different areas of the occipital lobe. The projection from 
the eye to the brain is organized into several parallel pathways, each serving distinct 
submodalities of visual perception (Wässle, 2004). Notably, the magnocellular (M) pathway is 
primarily involved in motion detection, while the parvocellular (P) pathway is responsible for 
high-acuity vision, color perception, and form recognition (Masri et al., 2020). Throughout the 
visual pathway, a consistent retinotopic organization is observed, with cells of the optic nerve 
projecting to their respective M and P layers of the LGN before continuing up to the primary 
visual cortex (V1) (see also Ungerleider & Haxby, 1994).  
 
This arrangement is maintained in V1, where the receptive field of each neuron encodes visual 
information. Receptive fields denote specific regions of the visual field to which neurons respond. 
These fields vary in size and exhibit spatial selectivity to local motion signals, meaning neurons 
are more responsive to movement within their immediate vicinity. This spatial selectivity allows 
neurons to encode motion patterns in V1. Additionally, neurons with nearby receptive fields are 
represented closer together, creating a spatial mapping of the visual space (Braddick, 2001).  
 
Moving beyond V1, the visual pathway divides into two streams: the dorsal stream, which carries 
information to the parietal lobe, and the ventral stream, which extends to the temporal lobe. The 
dorsal stream follows the M pathway, responsible for processing spatial and motion information 
(“where” pathway), and the ventral stream follows the P pathway, involved in object recognition 
(“what” pathway) (Ungerleider & Haxby, 1994; Ungerleider & Mishkin, 1982).  
 
As visual information travels along the ventral stream, it undergoes increasingly complex 
processing as it propagates to higher-level cortical areas including the inferior temporal (IT) 
cortex. While V1 encodes basic features such as color, orientation, and retinotopic position 
(Hubel & Wiesel, 1968), neurons in these areas have larger receptive fields and contribute to the 
integration of more semantic features (Castelo-Branco et al., 2002), as well as the formation of 
abstract representations of objects that are robust to changes in rotation, contrast, and position 
(Mishkin & Ungerleider, 1982; Tanaka, 1996).  
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Simultaneously within the dorsal stream, the medial temporal lobe specializes in motion 
perception (Grill-Spector & Malach, 2004; Zeki, 1974; Zeki et al., 1991). For primates, this region 
is known as area MT. In humans, the hMT+ complex, or V5, is a homolog of the macaque area 
MT and the adjacent medial superior temporal (MST) area, located on the lateral surface at the 
occipital-temporal boundary (Zeki et al., 1991). hMT+/V5 receives input from earlier visual areas 
V1, V2, and V3, as well as subcortical structures like the superior colliculus and the pulvinar. 
Additionally, it has connections with various parts in the superior temporal lobe, parietal lobe, 
and frontal lobe, which indicates its involvement in higher-level visual processing such as the 
analysis of optic flow and motor planning (Culham et al., 2001). Motion-sensitive neurons in V1 
tend to have small receptive fields, limiting their detection of motion. MT neurons have 
significantly larger receptive fields (~10 times), allowing them to integrate information from 
multiple local motion signals to perceive global motion patterns (Simoncelli & Heeger, 1998). This 
difference in receptive field size enables approximately 90% of MT neurons to be tuned to the 
direction and speed of moving objects, compared to the 25% of direction-selective neurons found 
in V1 (Albright, 1984; Hubel & Wiesel, 1968; Maunsell & Van Essen, 1983).  
 
Therefore, hMT+ is particularly responsive to dynamic stimuli, including flickering checkerboards, 
moving gratings, moving objects, and moving dot patterns (Culham et al., 1998). It is also 
activated during visual motion memory and imagery tasks (Cohen et al., 1996; Zaksas & Pasternak, 
2006). hMT+ neurons show a preference for coherent over incoherent motion (Rees et al., 2000), 
although some studies observe the contrary (L. M. Harrison et al., 2007; McKeefry et al., 1997). 
Conversely, systematic modulation of MT activity can alter motion perception. For instance, 
studies employing single-pulse transcranial magnetic stimulation (TMS) to hMT+/V5 have 
demonstrated impaired judgments of motion direction and perception of moving stimuli 
(Laycock et al., 2007; Maus, Ward, et al., 2013).  
 
Visual processing has traditionally been considered a feedforward process, driven by the 
hierarchical architecture of the visual pathways outlined earlier. This structure allows incoming 
sensory input to travel up the processing hierarchy, where visual information is processed and 
interpreted for conscious perception in a bottom-up manner. However, due to the noisy and 
dynamic nature of visual scenes, relying solely on this feedforward sweep of information is 
insufficient to keep up with the constantly changing environment. To address this, top-down 
processes are required to help make sense of ambiguous sensory information (Friston, 2005).  
 
In addition to feedforward processing, visual processing also involves bidirectional interactions 
(Lamme et al., 1998). Horizontal connections convey information between neurons within the 
same processing level, while recurrent feedback connections extend from hierarchically later 
visual areas to earlier visual areas (Lamme & Roelfsema, 2000). These connections play an 
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important role in ensuring a coherent representation of visual stimuli throughout the processing 
hierarchy (DeYoe & Van Essen, 1988; Wyatte et al., 2014). For instance, a substantial amount of 
information from the LGN bypasses V1 and directly reaches hMT+/V5 (Laycock et al., 2007), 
allowing representations to become available earlier in the processing stream and influence 
subsequent processing through feedback connections to V1. In line with this, there is growing 
evidence suggesting that horizontal and feedback signals can activate neural responses 
(Benvenuti et al., 2020; Kok et al., 2016). Transient stimulations of hMT+/V5 followed by V1 have 
been shown to induce perceptions of motion initiation, indicating that feedback connections 
between hMT+/V5 and V1 are involved in shaping our perception of motion (Silvanto et al., 2005).  
 
Neural processing delays 
 
How long does perceptual processing take? The dura?on of visual processing can vary depending 
on the complexity of the s?mulus and the pathways involved. Typically, feedforward processing 
requires approximately 30–60 ms from the moment visual informa?on enters the visual system 
through the eyes (Lamme & Roelfsema, 2000; Maunsell & Gibson, 1992; Schmolesky et al., 1998). 
In macaques, responses to visual s?muli have been recorded approximately aVer 60–100 ms 
(Schmolesky et al., 1998), with a delay of around 10 ms between V1 and MT (Nowak & Bullier, 
1997). Median latency in V1 is 45 ms for flash s?muli (Maunsell & Gibson, 1992) and 85 ms for 
moving s?muli (Raiguel et al., 1999), with a mean latency of 72 ms in V1 and 76 ms in MT (Lamme 
& Roelfsema, 2000). Processing latencies are typically longer in humans, and the earliest 
emergence of a visual percept is approximately 150 ms (Thorpe et al., 1996). This implies that 
neural transmission alone introduces a delay of at least ~100 ms in the ini?al feedforward sweep. 
 
Despite the rapid processing of the visual system, the problem of neural delays becomes apparent 
when perceiving moving objects. The ?me it takes for object mo?on to be processed means that 
by the ?me we perceive its posi?on, it has likely shiVed to a new loca?on. This creates a 
discrepancy between events in the world and the representa?ons of these events in our internal 
world, leading to inaccuracies in percep?on because it is out of date.  
 
The impact of neural delays can be illustrated by the challenge faced by athletes in intercep?ng a 
moving ball, as commonly observed in sports like tennis and cricket (Nijhawan, 1994, 2008). 
Imagine a scenario where a cricket player bowls a cricket ball with an average velocity of 90 mph. 
It takes about 100 ms for the ba'er to perceive the ball’s posi?on. According to Nijhawan (2008), 
this results in a lag of 13.2 V (4 m) between the perceived and actual ball posi?on at any given 
moment. Such a discrepancy means that the perceived ball posi?on lags significantly behind its 
veridical loca?on, requiring the ba'er to intercept it before seeing the bat make contact with the 
ball.  
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Can the ba'er effec?vely play a shot? Relying on outdated informa?on from 100 ms ago would 
make it imprac?cal for the ba'er to execute a hit accurately. Importantly, despite this, we can 
localize and interact with moving objects remarkably well, which suggests that the brain has 
developed mechanisms to compensate for its neural delays. 
 

Compensa8ng for neural delays 
 
In the following sec?on, I will provide a concise overview of the theore?cal framework involving 
predic?ve coding and mo?on extrapola?on to address neural delays during mo?on percep?on. 
Addi?onally, I will outline some of the behavioral and neural evidence demonstra?ng 
compensa?on for neural delays within the visual system, exploring poten?al mechanisms for 
implementa?on.  

 
Predic2ve coding 
 
An influen?al theory of percep?on posits that percep?on is a result of the interac?on between 
sensory input and our internal model of the world (Friston, 2003; Rao & Ballard, 1999; Walsh et 
al., 2020). Predic?ve coding models, which are rooted in Bayesian inference, propose that before 
receiving any sensory input the brain constantly generates beliefs about what it might perceive 
based on its prior knowledge of the world. These beliefs are represented by a prior probability 
distribu?on, and the model generates predic?ons about what it expects to perceive, guiding the 
interpreta?on of forthcoming sensory data (Friston, 2005; Knill & Pouget, 2004). When processing 
sensory informa?on, the brain combines its predic?ons with actual sensory data to form an 
updated model of the world, represented as a posterior probability distribu?on. If predic?ons 
match the sensory input, exis?ng predic?ons are reinforced. However, if there is a mismatch, the 
difference between predicted and actual input is represented as a predic?on error, which is used 
to update the internal genera?ve model and refine new predic?ons (Friston, 2003).  
 
According to predic?ve coding theories, percep?on is the best guess of this inference process, 
where bo'om-up sensory signals and top-down predic?on signals converge through recurrent 
feedforward/feedback connec?ons across the visual cortex (Clark, 2013; Rahnev, 2019). This 
mechanism ensures that neural resources are not wasted on encoding redundant or predictable 
informa?on when expecta?ons are fulfilled (Rao & Ballard, 1999). Consequently, the itera?ve 
process enables us to efficiently maintain up-to-date representa?ons of the world across various 
levels of visual processing hierarchy and reduce predic?on errors over ?me (Clark, 2013; Friston, 
2010; Huang & Rao, 2011; Knill & Pouget, 2004).  
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In essence, predic?ve coding and Bayesian inference complement each other (Aitchison & 
Lengyel, 2017). While predic?ve coding focuses on the neural representa?on of predic?on errors, 
it does not specify how predic?ons are generated and how predic?on errors are used. Bayesian 
inference provides a mathema?cal framework for compu?ng these signals without specifying the 
underlying representa?ons across the processing hierarchy (Walsh et al., 2020).   
 
One caveat of classical predictive coding models is their inability to account for temporal 
predictions (Hogendoorn & Burkitt, 2019). In the case of a time-varying stimulus, sensory 
information continues to evolve during the inference process, while predictions become 
progressively outdated at each processing stage. This ongoing mismatch between predictions 
and incoming sensory input may result in a continuous cycle of prediction errors, preventing the 
convergence of prediction and prediction error signals (Hogendoorn & Burkitt, 2019). To resolve 
this issue, the model must be predictive about the future, as it is predictive about hierarchical 
activations. Several dynamic predictive coding models integrate time, each differing in their 
neural implementations (Friston, 2008; Hogendoorn & Burkitt, 2019; Jiang & Rao, 2023; 
Kutschireiter et al., 2017; Millidge et al., 2023; Ororbia et al., 2020; Rao & Ballard, 1997). I will 
not delve into the details of these models within this thesis; however, the underlying idea is that 
specific temporal dynamics are integrated based on statistical regularities of the world. For 
example, neural representations of an object’s position and its temporal derivatives, such as 
velocity, acceleration, and jerk can be used to predict its most probable state at the future time-
step based on the current time-step.  
 
Mo2on extrapola2on  
 
A specific applica?on within this framework that addresses how neural delays are compensated 
during mo?on percep?on is mo?on extrapola?on. Mo?on extrapola?on refers to a mechanism 
that allows the brain to predict the future posi?on of a predictably moving object, based on its 
past and current mo?on signals (Nijhawan, 1994). Essen?ally, it extends the current velocity of a 
moving object into the future to an?cipate where it will be located in the future. Predic?ve 
mo?on extrapola?on facilitates the visual system in maintaining a con?nuous and coherent 
neural representa?on of moving objects despite neural delays (Hogendoorn, 2020; Nijhawan, 
2008).  
 
Recent studies have integrated mo?on extrapola?on into a Bayesian framework (e.g., Burki' & 
Hogendoorn, 2021; Jiang & Rao, 2023; Khoei et al., 2017). Within this framework, a probabilis?c 
representa?on of velocity is combined with a fixed delay (i.e., uncertainty associated with the 
sensory informa?on), enabling the computa?on of the likely posi?on of a moving object. This 
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allows all levels of the processing hierarchy to represent the same posi?on aligned in real-?me, 
facilita?ng compensa?on of known neural delays at any given moment (Hogendoorn & Burki', 
2019). These models have been simulated to explain several aspects of the flash-lag effect (see 
below) but have not been empirically tested yet. It remains an open ques?on whether different 
levels of the processing hierarchy are actually aligned.  
 
Besides addressing neural delays, mo?on extrapola?on helps the brain maintain the percep?on 
of con?nuous mo?on even when sensory informa?on is temporarily unavailable or ambiguous 
due to factors like occlusion or eye blinks (Teichmann et al., 2021). This aligns with extrapola?on 
as a mechanism for filling in perceptual gaps during mo?on percep?on.  
 
Evidence of predic2ve mo2on processing 
 
Motion extrapolation has been argued to underlie various visual illusions that involve the 
displacement of objects due to their motion or the motion of nearby objects (Changizi et al., 
2008). These illusions highlight the predictive encoding of the position of a moving object, leading 
to shifts in: 
 
1. Representational momentum: This phenomenon describes the tendency to misperceive a 
moving object as stopping slightly ahead of its actual position (Freyd & Finke, 1984; Hubbard, 
2005), 
 
2. Fröhlich effect: This illusion occurs when the initial position of a moving object is misperceived 
ahead of its actual position (Fröhlich, 1923), 
 
3. High-Phi illusion: In this illusion, a rotating texture is replaced by a new texture, leading to 
illusory forward jumps in its perceived position (Wexler et al., 2013), 
 
4. Flash-lag effect: A static object flashed next to a moving object is perceived as lagging behind 
the moving object, despite being spatially aligned at the time of the flash (Mackay, 1958). 
 
Among these illusions, the flash-lag effect (FLE; Mackay, 1958; Nijhawan, 1994) is particularly 
noteworthy. The dominant explanation of the FLE is that the visual system extrapolates the 
position of the moving object along its expected trajectory to compensate, at least partially, for 
neural delays. This results in the perception of an extrapolated position that is closer to its 
veridical position (Nijhawan, 2008; Nijhawan & Wu, 2009). In contrast, the flash cannot be 
extrapolated because there is no need for such compensation for time-invariant stimuli (Khurana 
& Nijhawan, 1995).  
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In animals, a neural correlate to the psychophysical effects of mo?on extrapola?on has been 
observed in a study by Jancke et al. (2004). They recorded neurons in cat V1 (area 17, or human 
V1) while the cats viewed either briefly presented or moving squares of light in different 
direc?ons and with different speeds. Using an optimal linear estimator, they reconstructed the 
position of each stimulus based on the pooled activity of neuronal populations. Notably, they 
found that the peak population activity of receptive fields shifted earlier in response to the 
moving stimulus compared to the flash, indicating that the processing latency was 16 ms faster 
for motion. In addition, the representation of the moving stimulus at slower speeds (4.5°/s) was 
closely aligned with its veridical location, suggesting full compensation. However, at higher 
speeds (> 8.8°/s), they noted a spatial discrepancy in the representation and the stimulus position, 
which increased with increasing stimulus speed.  
 
From V1, functional magnetic resonance imaging (fMRI) studies have revealed similar patterns of 
neural activity across various areas involved in motion processing including V1-3 and hMT+/V5 in 
humans (Apthorp et al., 2013; Harvey & Dumoulin, 2016; Maus, Fischer, et al., 2013; M. Schneider 
et al., 2019).  
 
More recently, Hogendoorn and Burkitt (2018) conducted an electroencephalographic (EEG) 
study where wedges were presented sequentially, either in a circular path to induce the percept 
of a single stimulus moving in apparent motion or flashing in a scrambled order. They evaluated 
latency differences between stimuli across two intervals: [80–90 ms] after stimulus onset, likely 
reflecting an early position representation, and [140–150 ms] after stimulus onset, indicative of 
a position representation originating in higher-level visual areas. During the latter interval, 
Hogendoorn and Burkitt observed that the representation of the moving wedge was available 15 
ms earlier compared to the same wedge when it was flashed, a finding consistent with previously 
reported results in cat V1 (Jancke et al., 2004). Building upon these findings, Blom et al. (2021) 
demonstrated using the same stimuli that a latency advantage for the moving stimulus emerged 
from the second presentation within the motion sequence, or when the direction of motion was 
predictable (i.e., the first presentation has a 50:50 chance moving in either direction).  
 
Neural mechanisms of predic2ve mo2on processing 
 
The earliest stage at which compensa?on has been found is in the re?na (B. Liu et al., 2021). Berry 
et al. (1991) conducted experiments where they recorded salamander and rabbit re?nal ganglion 
cells while presen?ng a bar that either flashed or moved in a horizontal direc?on. They observed 
that when a sta?onary bar was presented, these cells responded with a 50 ms latency. By contrast, 
when the bar moved across the visual field, the peak in the firing rate response of re?nal ganglion 
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cells occurred before the peak response to the flash. This shiV in firing pa'ern was mediated by 
a contrast-gain control mechanism, where a cell responds strongly when the s?mulus enters its 
recep?ve field, followed by desensi?za?on and reduces firing as it leaves the recep?ve field. This 
implies that the neural image transmi'ed from the re?na to the brain is already extrapolated 
along its mo?on trajectory so the posi?on of the s?mulus is represented closer to its veridical 
posi?on (Berry et al., 1999). This mechanism has also been shown in the thalamus and V1 
(Johnston & Lagnado, 2015), which suggests that neural delays could be compensated throughout 
the visual system via a feedforward gain control mechanism.  
 
Moving on to horizontal connec?ons, Jancke et al. (2004) demonstrated a similar mechanism in 
cat V1. They recorded neurons responding to flashed or moving squares of light and observed 
shorter response latencies when the neurons were presented with the moving light compared to 
the flash. Specifically, the ac?va?on of neurons by the moving light also triggered a sub-threshold 
wave of ac?vity that propagated horizontally to neighboring neurons across the visual cortex, 
known as ac?va?on spreading. While this ac?vity did not reach firing thresholds to modulate 
neuronal ac?vity, it served a cri?cal func?on in priming neurons further along the mo?on 
trajectory to coordinate responses when the light arrived at their recep?ve fields (Jancke & 
Erlhagen, 2010; Müsseler et al., 2002). Similar facilita?on has been demonstrated in macaque V1 
(Benvenu? et al., 2020) as well as the re?na (Souihel & Cessac, 2021), sugges?ng that neural 
delays could be compensated by an?cipa?on of moving s?muli. However, it is important to note 
that faster processing of moving s?muli aligns more closely with a theory of differen?al 
processing latencies between moving and sta?c objects (see Flash-lag effect), rather than 
predic?ve mo?on extrapola?on.  
 
Finally, feedback connec?ons could facilitate a predic?ve mechanism to compensate for neural 
delays. Silvanto et al. (2005) conducted a series of TMS experiments where sequen?al s?mula?on 
over hMT+/V5 followed by V1 induced percep?on of moving phosphenes. Conversely, reversing 
the s?mula?on order disrupted the induced percep?on, indica?ng that feedback connec?ons 
from hMT+/V5 significantly contribute to mo?on percep?on. To assess whether these disrup?ons 
in these feedback connec?ons impair the ability to infer the posi?on of moving s?muli through 
mo?on-based predic?on, Maus, Ward, et al. (2013) administrated single-pulse TMS over 
hMT+/V5, V1, and V2 at different ?mes of a flash-lag task. They found that TMS to hMT+/V5 
diminished the FLE, while s?mula?ons of V1 or V2 did not affect the perceived posi?on of the 
moving s?mulus rela?ve to flashes. Furthermore, Wang et al. (2022) applied anodal and cathodal 
transcranial direct current s?mula?ons to hMT+/V5 before observers performed a flash-lag task. 
These s?mula?ons, which modulate cor?cal excitability in hMT+/V5, led to systema?c 
enhancements and reduc?ons in the FLE magnitude. These results suggest that compensatory 
mechanisms could be facilitated through predic?ve processes. 
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A<en8on and percep8on 
 
Another process that shapes our percep?on is visual a'en?on, as our capacity to process sensory 
informa?on is limited (Norman & Bobrow, 1975). Selec?ve a'en?on serves an important func?on 
in enabling a preferen?al processing of sensory informa?on that is most relevant to behavior, 
such that it is striking how li'le we perceive when we do not pay a'en?on. Therefore, it is 
important to understand how a'en?on priori?zes task-relevant informa?on from streams of 
incoming visual informa?on and various task demands. 
 
The control of a'en?on is commonly understood as bo'om-up and top-down mechanisms. 
Bo'om-up processes are driven by sensory input, leading to automa?c and involuntary shiVs in 
a'en?on. They are triggered by salient or unexpected s?muli in the visual environment, 
regardless of their relevance to the current task (Theeuwes, 2010). In contrast, top-down 
processes are guided by the observers’ goals, expecta?ons, and prior knowledge, resul?ng in 
voluntary and selec?ve alloca?on of a'en?on. Top-down a'en?on is directed towards specific 
s?muli or features that are task-relevant, which is the focus of this thesis.  
 
In the following sec?ons, I will provide an overview of top-down a'en?on, including popular 
theore?cal frameworks and the underlying mechanisms of selec?ve a'en?on in mo?on 
percep?on. 
 
Spa2al a<en2on 
 
A'en?on can be directed to specific loca?ons in the visual field, enhancing the processing of all 
features at the a'ended loca?on. A classic experimental paradigm used to study selec?ve spa?al 
a'en?on is the Posner cueing paradigm (Posner, 1980). In this paradigm, probabilis?c cues are 
used to guide a'en?on to one of two likely loca?ons where a target is expected to appear. 
Observers are instructed to detect the target as quickly as possible. Responses to targets 
presented at the cued loca?on are reported to be faster and more accurate compared to targets 
presented at uncued loca?ons (Posner, 1980). Several studies have shown that this behavioral 
facilita?on is accompanied by strong neuronal responses when a'en?on is directed to loca?ons 
corresponding to their re?notopic posi?on and reduced responses to una'ended loca?ons (Luck 
et al., 1997; Treue & Maunsell, 1996). Spa?al a'en?on has been found to enhance perceptual 
sensi?vity to a'ended loca?ons, thereby reducing interference from distractors (Luck et al., 1997), 
and improving spa?al acuity or resolu?on (Carrasco, 2018) and trial-to-trial variability (Arazi et al., 
2019).  
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Non-spa2al a<en2on 
 
There is compelling evidence indica?ng that a'en?on can be directed to specific features, even 
when they overlap in space. In the classical Stroop task, observers are presented with words 
printed in colored ink and asked to report either the color of the ink or the seman?c meaning of 
the word (Jensen & Rohwer, 1966; Stroop, 1935). Importantly, the words oVen conflict with the 
ink color (e.g., the word “green” printed in red ink), and observers must selec?vely a'end to the 
ink color while ignoring the word’s meaning, requiring them to suppress the automa?c process 
of reading the word. Feature-based a'en?on can also be directed to a non-spa?al feature, such 
as s?mulus color, shape, or mo?on, which enhances responses towards the a'ended feature 
across the en?re visual field (Maunsell & Treue, 2006). This has also been shown to reduce 
neuronal response latencies and behavioral response ?mes to task-relevant changes in the speed 
of moving s?muli (Galashan et al., 2013).  
 
Finally, a'en?on can also facilitate features that cannot be separated by loca?on through object-
based a'en?on. When a'en?on is directed to a specific feature of an object, it enhances all 
features cons?tu?ng the object, even if they are task-irrelevant (O’Craven et al., 1999). In line 
with this, Ekman et al. (2020) demonstrated that when spa?al a'en?on is directed to a part of an 
object, the a'en?onal modula?on spreads to other loca?ons that are part of the same object. 
These findings suggest that the visual system priori?zes processing visual s?muli as coherent 
en??es rather than individual features or spa?al loca?ons (Cavanagh et al., 2023). Thus, the visual 
system must possess the ability to bind these features together. Pre-a'en?ve object 
representa?ons, however, fail to achieve this integra?on and remain as a collec?on of disjointed 
features.  
 
Theories of selec2ve a<en2on 
 
Theories of selec?ve a'en?on are useful for understanding why and how we priori?ze only 
certain aspects of the visual environment over others. A notable concept in this regard is the 
a'en?onal spotlight (James, 1950), which is analogous to the “Cocktail Party” effect observed in 
auditory percep?on (Cherry, 1953). Just as we can selec?vely focus on a single conversa?on 
amidst a noisy party, our a'en?onal spotlight in vision enables us to focus on specific visual 
s?muli while filtering out irrelevant sensory informa?on. However, the spotlight some?mes leads 
to overlooking unexpected s?muli or events when our a'en?on is engaged elsewhere, as 
demonstrated in studies of change blindness (Simons & Chabris, 1999). 
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Hence, Broadbent’s filter model represents one of the earliest bo'leneck theories of a'en?on. 
In this theory, a'en?on acts as a selec?ve filter at an early stage of processing, where it priori?zes 
incoming sensory informa?on based on basic physical features such as loca?on, direc?on, and 
color (Broadbent, 1958). Task-relevant informa?on is allowed to proceed for higher-level 
processing involving memory and decision-making, while task-irrelevant informa?on is 
completely filtered out. By focusing on the most relevant s?muli through the processing hierarchy, 
this theory effec?vely manages our limited a'en?onal capacity. Treisman’s a'enua?on model 
revises Broadbent’s filter model by proposing that una'ended informa?on is not completely 
excluded from further processing but rather a'enuated (Treisman, 1964). According to this theory, 
all incoming sensory informa?on is processed to some extent, with the degree of processing 
determined by its task relevance. While una'ended informa?on may be weakly represented, it 
remains accessible, making it difficult but not impossible to extract informa?on from task-
irrelevant s?muli. Biased compe??on theory offers a different perspec?ve on selec?ve a'en?on, 
where s?muli in the visual field compete for cor?cal representa?on and processing resources in 
the brain (Desimone & Duncan, 1995). The outcome of this compe??on is influenced by top-
down factors such as goals and expecta?ons. Task-relevant s?muli are priori?zed for processing 
while irrelevant or distrac?ng s?muli are suppressed or inhibited. 
 
In summary, it is possible a'en?on may operate from an early stage, so observers do not perceive 
una'ended s?muli, or low-level processing occurs for all s?muli but higher-level integra?on is 
reserved for a'ended s?muli, making it difficult to perceive anything more than the physical 
features of una'ended or ignored s?muli, or a'ended s?muli are processed at the expense of 
una'ended s?muli.  
 
Neural mechanisms of selec2ve a<en2on 
 
Historically, the prevailing belief was that a'en?on primarily influenced later processing stages, 
with significant a'en?onal modula?ons observed in areas like MT (Treue & Maunsell, 1996, 1999), 
with areas such as V1 were thought to be minimally affected (Luck et al., 1997). However, 
subsequent studies challenged this belief by revealing differen?al ac?va?ons of a'ended and 
una'ended moving s?muli even in earlier visual areas V1 and V2 and areas closely connected to 
hMT+/V5 like the thalamus and superior colliculus (Büchel, 1997; Büchel et al., 1998; Culham et 
al., 1998). These findings suggest that a'en?onal effects are not confined to later processing 
stages but manifest early and increasingly throughout the processing hierarchy, extending to 
various regions within the visual system (Cheong et al., 2012; Seidemann & Newsome, 1999). 
 
A'en?onal modula?on has been demonstrated to exert profound effects on the ac?vity of 
individual neurons, influencing their firing rates and response proper?es throughout the visual 
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cortex (Reynolds & Chelazzi, 2004; Treue, 2001). McAdams and Maunsell (1999) recorded single 
neurons in macaque V4 during an orienta?on-matching task involving Gabor and colored 
Gaussian s?muli, with one appearing on each side of the display. When a'en?on was directed to 
one of the two loca?ons, the overall responsiveness of orienta?on-selec?ve neurons within the 
a'ended recep?ve field increased. This enhancement can be a'ributed to a mul?plica?ve 
increase in neural responses along the tuning curve, strengthening the representa?on of the task-
relevant informa?on without sharpening or shiVing their tuning curves towards the a'ended 
loca?on (McAdams & Maunsell, 1999; Treue & Maunsell, 1996, 1999). Treue and Mar�nez Trujillo 
(1999) extended these findings to direc?on-selec?ve neurons in MT.  
 
Furthermore, several studies have demonstrated that spa?al a'en?on impacts the spa?al 
proper?es of recep?ve fields such as size, shape, or loca?on, independently of their response 
proper?es. For instance, when a'en?on is allocated to one of mul?ple loca?ons inside a neuron’s 
recep?ve field, the recep?ve field shiVs its center towards the a'ended loca?on. Addi?onally, it 
is observed to shrink around the a'ended s?mulus, effec?vely excluding una'ended s?muli from 
within the recep?ve field (Moran & Desimone, 1985; Womelsdorf et al., 2006, 2008). 
Computa?onal studies have hypothesized that these changes are due to the mul?plica?ve gain 
of neural responses in early visual areas, such as V1 and V2 (Compte & Wang, 2006; Fox et al., 
2023; Klein et al., 2014), sugges?ng that a response gain mechanism may underlie the neural 
correlate of the a'en?onal spotlight. 
 
In the case of feature-based a'en?on, a non-mul?plica?ve modula?on of tuning curves has been 
shown to operate based on a feature similarity gain mechanism (Mar?nez-Trujillo & Treue, 2004). 
In experiments conducted by Maunsell and Treue (1996, 1999), two oppositely moving dots were 
presented within the recep?ve fields of direc?on-selec?ve neurons. They consistently observed 
stronger neuronal responses for the preferred direc?on compared to the opposite direc?on, even 
when the a'ended s?mulus was located outside of the recep?ve field. This suggests that 
a'en?on enhances the responsiveness of neurons tuned to the a'ended feature (i.e., direc?on), 
regardless of whether the a'ended s?muli are within their recep?ve fields. Treue and Mar�nez 
Trujillo (1999) presented two random dot pa'erns within the same recep?ve fields, with one 
pa'ern moving in the an?-preferred direc?on and the other moving randomly in one of 12 
possible direc?ons. They found a response enhancement for the preferred direc?on in MT 
neurons accompanied by a response suppression for the an?-preferred direc?on, indica?ng that 
a'en?on could modulate the processing of task-relevant informa?on while suppressing irrelevant 
informa?on.  
 
Finally, object-based a'en?on shares common neural mechanisms with feature-based and spa?al 
a'en?on but focuses on enhancing the processing of features within their spa?al context (see 
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also Cavanagh et al., 2023). In the context of mo?on, similar to spa?al a'en?on, object-based 
a'en?on may also involve shiVs in recep?ve field centers or changes in recep?ve field sizes to 
boost the neural representa?on or responses to the grouped features of the a'ended object 
including its speed, direc?on, and loca?on. This would allow the recep?ve fields to align more 
closely with the mo?on trajectory of the a'ended object, to capture its mo?on-related features 
be'er. By adjus?ng recep?ve field proper?es, object-based a'en?on may enhance the 
percep?on and tracking of moving objects and their changing posi?ons over ?me.  
 
So far, I have presented evidence of selec?ve a'en?on in condi?ons involving more than two 
s?muli, where visual a'en?on is allocated to one of the s?mulus loca?ons or features. Divided 
a'en?on is a related concept where a'en?on is allocated to mul?ple s?muli simultaneously. 
However, fundamentally, divided a'en?on shares common mechanisms with processes of 
selec?ve a'en?on (Hahn et al., 2008).  
 

A<en8on and predic8on 
 
Many studies of a'en?on reviewed here have reported heightened neural responses to s?muli 
at expected (i.e., a'ended) loca?ons (Reynolds & Heeger, 2009), which seems contradictory to 
predic?ve coding theories, which propose that responses to expected s?muli should be 
suppressed (Summerfield & Egner, 2009). To reconcile this tension, recent predic?ve coding 
theories have proposed integra?ng a'en?on and predic?on within a common framework 
(Feldman & Friston, 2010). 
 
This integra?on is premised on the understanding that sensory signals are inherently noisy and 
unreliable (see Predic?ve coding). To minimize the impact of unreliable sensory informa?on (i.e., 
uncertainty) on our percep?on, the Bayesian inference process must factor in the reliability of 
sensory signals (Friston, 2009; Rao & Ballard, 1997). In predic?ve coding, sensory signals and 
predic?on errors are func?onally equivalent, as predic?on errors represent unexplained sensory 
informa?on. This means predic?on errors may be more reliable in indica?ng whether our current 
model of the world needs to be updated or if the incoming sensory input is simply too noisy. 
Therefore, predic?on error signals should be weighted by their precision (or inverse of signal 
variance), with less weight given to less reliable informa?on. A'en?on is proposed as a 
mechanism to op?mize these precision es?mates (Clark, 2013; Feldman & Friston, 2010; Hohwy, 
2012), assigning more weight to reliable predic?on errors and facilita?ng the brain in accurately 
modeling a'ended s?muli or events. Consequently, a'en?on modula?ons in the encoding of 
predic?on errors have been demonstrated through enhanced processing of surprising sensory 
inputs compared to expected ones (Kok et al., 2012; Marzecová et al., 2017; Smout et al., 2019). 
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Furthermore, according to the predic?on error minimiza?on approach, the precision weights 
must sum effec?vely to zero (Hohwy, 2012). This suggests that predic?on errors associated with 
una'ended sensory input may be weaker when a'en?on is focused on task-relevant s?muli. Even 
if predic?on errors are generated by surprising una'ended input, they would be too weak to bias 
the model towards a more precise, up-to-date representa?on of task-irrelevant s?muli. This could 
poten?ally impact the awareness or percep?on of the task-irrelevant s?mulus, similar to the 
theory of biased compe??on of a'en?on (Spratling, 2008). 
 
Tradi?onally, a'en?on has been understood to select relevant informa?on for further processing. 
An outstanding ques?on in this context is whether this further processing includes mo?on 
extrapola?on. The overarching aim of this thesis is to inves?gate whether a'en?on can enhance 
predic?ve processing, fine-tune mo?on extrapola?on, or modulate the alloca?on of cogni?ve 
resources during complex tasks, as outlined previously. 
 

Overview of methodology  
 
How important is a'en?on for mo?on-based predic?on? While a'en?on is widely acknowledged 
as indispensable to our visual percep?on, it remains unclear its specific contribu?on to the 
compensatory mechanisms outlined in the first part of this chapter. To address this gap, we have 
employed a combina?on of behavioral and EEG approaches to inves?gate how a'en?onal 
resources influence mo?on extrapola?on and shape our percep?on of moving objects in dynamic 
visual environments involving the flash-lag effect (FLE) and apparent mo?on.  
 

Flash-lag effect 
 
A mo?on extrapola?on account of the FLE posits that the illusion occurs due to the visual system 
compensa?ng for the distance a moving object travels during the ?me it takes for its mo?on to 
be processed, accoun?ng for neural delays. In contrast, the flash, having no mo?on trajectory, 
does not require such compensa?on through extrapola?on. In addi?on to mo?on extrapola?on, 
several hypotheses have been proposed over the past 20+ years to explain the FLE (Hogendoorn, 
2020). These alterna?ve explana?ons primarily focus on the rela?onship between the flash and 
moving object, rather than directly addressing neural delays.  
 
The differen?al latency hypothesis suggests that the perceived displacement in the FLE is not due 
to actual differences in spa?al posi?ons, but rather differences in the processing ?mes of moving 
and sta?c objects (Purushothaman et al., 1998; Whitney et al., 2000; Whitney & Murakami, 1998). 
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When a moving object and a flash are presented simultaneously, the perceived posi?on of the 
moving object appears ahead because mo?on signals are processed faster than posi?on signals. 
The differen?al latency hypothesis is consistent with a larger FLE when a flash is presented in low 
contrast (Kanai et al., 2004; Purushothaman et al., 1998), influencing the processing speed of the 
flash (Berry et al., 1999; Schultz & Eriksen, 1978; Töllner et al., 2011).  
 
The attentional shifting hypothesis implies that attention shifts from the moving object to the 
flash when it appears (Baldo & Klein, 1995, 2010). The moving object continues to move while 
the flash reaches awareness, resulting in the perceived flash-lag. Similar to differential latency, 
the attentional shifting mechanism predicts a reduction in the FLE if the flash can be anticipated 
(Baldo et al., 2002; Chappell et al., 2006; Namba & Baldo, 2004; Shioiri et al., 2010). Cues that 
allocate attention to the flash before it appears can minimize some processing latency, leading 
to a smaller FLE. The attentional shifting hypothesis is supported by findings showing a larger FLE 
with increasing eccentricities between stimuli and a smaller FLE when attention is pre-cued to 
the location or timing of the flash (Baldo et al., 2002; Chappell et al., 2006; Namba & Baldo, 2004). 
However, the attentional shifting hypothesis appears to be more relevant to object-based 
prediction, rather than motion-based prediction (Duncan, 1984; Khurana & Nijhawan, 1995). 
 
The temporal averaging hypothesis suggests that the perceived posi?on of the moving object is 
an average of its varying posi?ons sampled over a temporal window (Krekelberg & Lappe, 1999, 
2000). This window has been es?mated to vary from a 60-ms sample aVer the flash (Brenner & 
Smeets, 2000), to a ~50-ms window (Whitney et al., 2000) and up to 500 ms (Krekelberg & Lappe, 
1999). In contrast, the flash’s perceived posi?on is consistent with its veridical posi?on, sugges?ng 
that the flash is not subject to the same temporal averaging as the moving object. 
 
The postdic?on hypothesis expands upon the theory of temporal averaging, proposing that the 
posi?on informa?on is similarly integrated over ?me but reset at the onset of a salient event such 
as a flash (Eagleman & Sejnowski, 2000). The perceived posi?on of the moving object is es?mated 
from a window of ~80 ms aVer the flash, and then retrospec?vely a'ributed to the moment of 
the flash. What is intriguing about postdic?on is its similarity to extrapola?on (predic?on) 
mechanisms, as both involve integra?ng mo?on informa?on over ?me. However, they differ in 
the temporal window before or aVer the flash event (Van Heusden et al., 2019). The postdic?on 
hypothesis poten?ally explains why the FLE does not occur when the moving object reverses 
direc?on at the ?me of the flash (Eagleman & Sejnowski, 2007; but see Nijhawan, 2008).  
 
Finally, the discrete percep?on hypothesis suggests that the FLE occurs because percep?on 
samples informa?on discretely over ?me in brief windows of [~100–150 ms] rather than 
con?nuously (K. A. Schneider, 2018). Each discrete sample represents a momentary snapshot of 
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the visual scene, allowing s?muli to be perceived at their final posi?on within that moment. These 
discrete samples are integrated over ?me to form a cohesive percep?on of mo?on, with the 
posi?ons of the moving object interpolated based on the sampled informa?on, similar to 
postdic?on. As the flash is also sampled in the same way, if the flash coincides precisely with the 
last instant of the sampling window and aligns with the final posi?on of the moving object within 
that moment, there would be no perceived lag between the two s?muli. However, if the flash 
occurs at a different moment within the sampling window, a lag may be perceived. 
 
In Chapter 2, I will revisit these hypotheses to empirically determine which one provides the most 
parsimonious explana?on for the observed illusion when perceived speed is manipulated. In 
Chapter 3, I will further explore how divided a'en?on influences the FLE in a dynamic visual 
environment, extending our understanding of the mechanisms elucidated in Chapter 2. 
 
Apparent mo2on  
 
Apparent mo?on is a perceptual phenomenon in which sta?c s?muli presented in rapid 
successive at different loca?ons create the illusion of con?nuous mo?on along a trajectory 
(Wertheimer, 1912). Typically, this involves a series of discrete frames of s?mulus posi?ons, with 
each frame briefly followed by a blank screen. With appropriate spacing and ?ming between 
frames, the brain infers the presence of a single moving object (Ramachandran & Ans?s, 1986). 
This suggests that the brain integrates discrete inputs over ?me into a cohesive percep?on of 
mo?on between spa?ally separate s?muli, similar to the aperture problem. The ability to 
maintain a neural representa?on of the object’s iden?ty or characteris?cs is crucial for our 
percep?on of apparent mo?on (Chong et al., 2016; Muckli et al., 2005; Yan?s & Nakama, 1998).  
 
The percep?on of apparent mo?on closely resembles the percep?on of smooth mo?on, despite 
their technical dispari?es (Yan?s & Nakama, 1998). Engaging similar cor?cal areas such as MT  
(Goebel et al., 1998; T. Liu et al., 2004; Muckli et al., 2002), apparent mo?on also ac?vates V1 as 
akin to real mo?on (Muckli et al., 2005). This illusory mo?on is likely caused by feedback 
connec?ons from mo?on processing areas to V1 (Muckli et al., 2002; Sterzer et al., 2006). Notably, 
disrup?ons caused by double-pulse TMS over hMT+/V5 diminish apparent mo?on percep?on, 
sugges?ng the involvement of mo?on-based predic?on (Ve'er et al., 2015). Consequently, larger 
temporal or spa?al gaps between frames can distort apparent mo?on (Burr, 1979; Gepshtein & 
Kubovy, 2007). 
 
Recent studies have explored compensa?on for neural delays during apparent mo?on, with 
mul?variate pa'ern analyses (MVPA) methods emerging in EEG research. Originally developed 
for fMRI data, MVPA involves analyzing pa'erns of neural ac?vity to decode the content and 
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representa?on of informa?on in the brain. In the context of EEG, MVPA takes advantage of the 
high-temporal-resolu?on data provided by EEG recordings to track the rapid changes in brain 
ac?vity that occur during tasks (Carlson et al., 2020). By leveraging this temporal resolu?on, MVPA 
methods can characterize the evolving pa'erns of neural ac?vity and uncover the underlying 
representa?ons across ?me. Specifically, this entails training machine learning classifiers to 
dis?nguish between EEG responses to different s?muli or condi?ons. These trained classifiers are 
tested on new data, elucida?ng the informa?on contained in the neural responses, rather than 
their magnitude. This process can be repeated across ?me (and condi?ons) to reveal the ?me 
course of informa?on processing in the brain (Grootswagers et al., 2017).  
 
Relevant to apparent mo?on, MVPA has been used to inves?gate the neural representa?ons of 
changing posi?ons of an apparent mo?on s?mulus (Hogendoorn & Burki', 2018). Hogendoorn 
and Burki' observed predic?ve informa?on corresponding to the expected posi?on of the 
s?mulus within a mo?on sequence. In another study, observers tracked or imagined where an 
apparent mo?on s?mulus would be as it moved behind an occluder (Robinson et al., 2020). 
Robinson et al. found that neural ac?vity pa'erns during mental tracking of the occluded s?mulus 
closely mirrored the pa'erns of ac?vity when the s?mulus was visible, reflec?ng a predic?ve 
representa?on of its an?cipated posi?on in the absence of sensory input. These findings resonate 
with mo?on extrapola?on, where neural popula?ons generate predic?ons about a s?mulus’ 
future posi?on. At the same ?me, the observed n qeural pa'erns also align with predic?on 
error signals, arising from the discrepancy between predicted and observed sensory inputs, or 
their absence. In this context, the visual system’s expecta?on of con?nuous mo?on clashes with 
the unexpected occlusion. As the visual system would not have predicted an occlusion based on 
the apparent mo?on of the s?mulus, the devia?on leads to a predic?on error. Consequently, this 
discrepancy highlights the brain’s capability to predict forthcoming events and reconcile 
unexpected events, thereby ensuring a seamless percep?on of con?nuous (apparent) mo?on 
even during interrup?ons (Agos?no et al., 2023; Teichmann et al., 2022) or mental imagery 
(Robinson et al., 2020).  
 
In Chapter 4, I will extend these findings and inves?gate whether these neural representa?ons 
persist when apparent mo?on is selec?vely a'ended or ignored in a dynamic visual environment.  
 

Overview of empirical studies   
 
The body of this thesis composes three original research ar?cles and manuscripts that empirically 
test the following ques?ons. 
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How are moving objects processed compared to sta2c objects?  
 
In Chapter 2, I describe a study that used the FLE to understand how moving objects are encoded 
in the visual system. The FLE is a promising paradigm to inves?gate how the visual system 
compensates for its delays through mo?on extrapola?on.  
 
Besides mo?on extrapola?on, alterna?ve explana?ons of the FLE also offer compelling 
explana?ons under specific condi?ons and are relevant to broader aspects of visual percep?on. 
For instance, there is a reported latency advantage of approximately 20 ms for moving objects 
compared to sta?c objects (Arnold et al., 2009; Hogendoorn & Burki', 2018; Jancke et al., 2004). 
Despite this, the observed difference is insufficient to fully account for the FLE (Arnold et al., 2003). 
Although the processing speed of the moving object may contribute to the illusion, other factors 
likely play a role as well. It is worth no?ng that these explana?ons may not be as mutually 
exclusive as originally posed and could even all contribute to the FLE (Holcombe & Corbe', 2023). 
 
However, a cri?cal dis?nc?on between mo?on extrapola?on and the other explana?ons lies in 
the nature of the perceptual error they propose. Mo?on extrapola?on suggests a spa?otemporal 
discrepancy, where the perceived posi?on of the moving object is a predic?on based on its prior 
mo?on. In contrast, other explana?ons imply a temporal discrepancy, where the perceived 
difference between the moving object and the flash arises from misalignments in ?me rather than 
actual differences in spa?al posi?ons. Therefore, mo?on extrapola?on uniquely involves the 
computa?on of velocity and posi?on informa?on, allowing the visual system to compute the 
future posi?on of a moving object along its expected trajectory (Maus, Ward, et al., 2013). Thus, 
in Chapter 2, we verified whether changes in the perceived speed of the moving object modulate 
the magnitude of the FLE as predicted by mo?on extrapola?on.  
 
Is mo2on extrapola2on modulated by visual a<en2on? 
 
In Chapter 3, I describe a study that explored how a'en?on modulates mo?on extrapola?on in 
the FLE. The previous chapter aimed to inves?gate the evidence suppor?ng the existence of 
mo?on extrapola?on within the visual system, where the posi?ons of moving objects are 
predic?vely encoded. Moving forward, we shiVed our focus to dynamic condi?ons where 
mul?ple objects move concurrently. Given that real-world visual environments oVen involve 
mul?ple independently moving objects, this prompted us to inves?gate whether and how mo?on 
extrapola?on persists when a'en?on is distributed among these objects.  
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To understand the poten?al role of a'en?on, we can infer from studies of mul?ple object tracking 
(MOT; Pylyshyn & Storm, 1988). In MOT tasks, observers are presented with a display containing 
several iden?cal s?muli, such as dots, which move simultaneously. A subset of these s?muli is 
highlighted as targets beforehand, and the observers’ task is to (covertly) a'en?onally track these 
targets among distractors. The star?ng posi?ons and mo?on direc?on of s?muli are random and 
independent of each other. Typically, the dots move in random mo?on, but, for context, I will only 
review studies that used predictable mo?on (e.g., linear path) here (Adamian & Andersen, 2022; 
Howe & Holcombe, 2012; Luu & Howe, 2015). In the subsequent display, observers iden?fy the 
targets based on where they would be, not where they were last seen to be. That is, the 
predictability of target mo?on allows observers to predict its likely posi?on with determinis?c 
certainty. There is evidence that observers employ extrapola?on to an?cipate the future posi?on 
of targets in MOT, and this ability declines with an increasing number of targets to be tracked, 
sugges?ng limita?ons in a'en?onal capacity. Despite these insights, it was unclear how limited 
a'en?on precisely leads to varia?ons in the FLE.  
 
In the FLE, only a handful of studies have manipulated a'en?on in paradigms that divert a'en?on 
from the moving object or allocate a'en?on selec?vely to various aspects of the display. For 
example, in dual-task paradigms, observers perform a second task concurrently with a flash-lag 
task, drawing a'en?on from the moving object. They could be asked to detect brief s?muli 
presented at fixa?on while judging the posi?on of the moving object (Sarich et al., 2007). In 
a'en?on cueing paradigms, spa?al cues are used to direct a'en?on to specific loca?ons, such as 
the probable loca?on of the flash. A'en?on could be selec?vely directed towards or away from 
the moving object (Baldo & Klein, 2010; Namba & Baldo, 2004; Vreven & Verghese, 2005; but see 
Khurana et al., 2000). In divided a'en?on paradigms, the number or characteris?cs of moving 
objects are manipulated. Increasing perceptual load could poten?ally reduce a'en?onal 
resources available for processing each object (Shioiri et al., 2010). Across these manipula?ons, 
it has been consistently observed that reduced a'en?on results in a larger FLE. This has been 
explained as a'en?onal enhancements, but the exact mechanisms by which a'en?on influences 
processing remain unclear. In Chapter 3, we inves?gated how divided a'en?on impacts the 
magnitude and variability of the FLE.  
 
Does mo2on extrapola2on require visual a<en2on? 
 
In Chapter 4, I describe a study that used EEG to inves?gate how posi?ons of moving objects are 
represented in the brain. Specifically, during visual tasks, we are oVen faced with distrac?ng 
informa?on that interferes with percep?on and behavioral performance. In the scenario 
presented at the beginning of this chapter, the presence of a seemingly task-irrelevant feature 
poses a tension between a'ending to regulari?es that might provide valuable informa?on and 
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the consequence of increasing the subset of informa?on to be a'ended. We were interested in 
how the brain manages these regulari?es. In a task where the color of a moving object is relevant, 
we empirically tested whether posi?on informa?on is predic?vely encoded even when it is 
una'ended or ignored. 
 
Predic?ve mechanisms have been observed to manifest as predic?ve informa?on in the neural 
representa?ons of s?muli across various modali?es and paradigms (e.g., Aitken et al., 2020; 
Albers et al., 2013; Demarchi et al., 2019; Ekman et al., 2017; S. A. Harrison & Tong, 2009; Kok et 
al., 2017; Simanova et al., 2016). We know from these studies that predic?on shapes percep?on. 
In the context of visual mo?on, these representa?ons refer to an expected posi?on or a future 
posi?on along the mo?on trajectory of a moving object.  
 
Recently, Blom et al. (2020) a'empted to decode the posi?on of an apparent mo?on s?mulus 
following the end of a mo?on sequence. Using a combina?on of EEG and MVPA methods, Blom 
et al. trained classifiers to dis?nguish neural ac?vity pa'erns of s?mulus presenta?ons 
corresponding to two posi?ons within the mo?on sequence: the previous posi?on (P-1) and the 
next posi?on (P+1) rela?ve to the final posi?on (P) of a sequence. Importantly, P+1 was predicted 
from the apparent mo?on but was never actually presented. The trained classifiers were tested 
on posi?on P, which allowed them to discern whether representa?ons of previously presented 
s?muli or predic?ons of the forthcoming s?mulus at were present in the ongoing neural ac?vity. 
Consistent with the studies men?oned above, the findings revealed evidence of neural 
representa?on corresponding to P+1 within the neural response to P, even in the absence of 
sensory input pertaining to P+1. This suggests that these representa?ons were solely driven by the 
predic?on of the s?mulus’ future posi?on, or there was predic?ve informa?on about P+1. 
Addi?onally, the study observed that the an?cipatory representa?on of P+1 was ac?vated before 
the onset of the s?mulus at P. This forward shiV in ?me suggests that predic?ve mechanisms were 
at play, compensa?ng for delays in perceptual processing, consistent with mo?on extrapola?on.  
 
This neural evidence for mo?on extrapola?on is has only been inves?gated in the context of single, 
a'ended s?muli (Ba�stoni et al., 2017). In Chapter 4, we explored whether predic?ve 
mechanisms drive sensory-like representa?ons when apparent mo?on s?muli are selec?vely 
a'ended or ignored.  
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CHAPTER 2 
 

Mo,on extrapola,on in the flash-lag effect depends on 
perceived, rather than physical speed 
 
 
This chapter is based on the work published in Vision Research (Yook et al., 2022). Forma�ng 
has been adapted to suit the thesis.  
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Abstract 
 
In the flash-lag effect (FLE), a flash in spa?otemporal alignment with a moving object is 
misperceived as lagging behind the moving object. One proposed explana?on for this illusion is 
based on predic?ve mo?on extrapola?on of trajectories. In this interpreta?on, the diverging 
effects of velocity on the perceived posi?on of the moving object suggest that FLE might be based 
on the neural representa?on of perceived, rather than physical, velocity. By contrast, alterna?ve 
explana?ons based on differen?al latency or temporal averaging would predict that the FLE does 
not rely on such a representa?on of perceived velocity. Here we examined whether the FLE is 
sensi?ve to illusory changes in perceived speed that result in changes to perceived velocity, while 
physical speed is constant. The perceived speed of the moving object was manipulated using 
revolving wedge s?muli with variable pa'ern textures (Experiment 1) and luminance contrast 
(Experiment 2). The mo?on extrapola?on interpreta?on would predict that the changes in FLE 
magnitude should correspond to the changes in the perceived speed of the moving object. In the 
current study, two experiments demonstrated that perceived speed and FLE magnitude increased 
in the dynamic pa'ern rela?ve to the sta?c pa'ern condi?ons, and that the same effect was 
found in the low contrast compared to the high contrast condi?ons. These results showed that 
manipula?ons of texture and contrast that are known to alter judgments of perceived speed also 
modulate perceived posi?on. We interpret this as a consequence of mo?on extrapola?on 
mechanisms and discuss possible explana?ons for why we observed no cross-effect correla?on. 
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1. Introduc8on 
 
In the process of visual percep?on, delays are incurred as informa?on encoded by the re?na is 
transmi'ed to the visual cortex (Schmolesky et al., 1998). Neural processing subsequently takes 
?me, so for a ?me-varying s?mulus such as a moving object, its posi?on informa?on would be 
outdated when it is available in visual cor?cal areas (De Valois & De Valois, 1991). Because the 
object would con?nue moving in the physical world, a lag between its perceived and veridical 
posi?on would be inevitable at any given ?me (Maunsell & Gibson, 1992). Intui?vely, the impact 
of such delays should be significant when localizing moving objects, but despite this, we seem to 
be able to accurately pursue and interact with even fast-moving objects (Smeets & Brenner, 
1995b). One proposed explana?on is that neural delays are partly compensated perceptually by 
a process of mo?on extrapola?on ( Nijhawan, 1994, 2002; motor compensa?on is also observed 
in Kerzel & Gegenfurtner, 2003 and outlined in Nijhawan & Wu, 2009). The mo?on extrapola?on 
hypothesis proposes that the brain con?nuously extrapolates the trajectory of a moving object 
to predict where it is now, as closely as possible to its veridical posi?on (Cavanagh, 1997; Nijhawan 
& Wu, 2009). 
 
A strong case for visual mo?on extrapola?on has been made on the basis of mo?on-induced 
posi?on shiVs, many of which indicate a strong coupling between mo?on and posi?on signals. 
For example, the Fröhlich effect describes an illusory forward shiV in the star?ng point of the 
mo?on trajectory (Fröhlich, 1924), and the representa?onal momentum phenomenon involves a 
forward displacement in the stopping point of a moving object (Freyd & Finke, 1984; Hubbard, 
1995, 2005, 2018). Similarly, when an object moves into a blindspot, the final posi?on of the 
occluded object is extrapolated in the direc?on of mo?on beyond its vanishing point (Maus & 
Nijhawan, 2008); or if a moving object contains a moving texture, the perceived posi?on of the 
object appears shiVed toward the direc?on of mo?on of the texture, as opposed to mo?on of the 
object itself (Arnold et al., 2007; De Valois & De Valois, 1991; Roach et al., 2011). Of these illusions, 
this paper is concerned with the related flash-lag effect (FLE). The FLE has received extensive 
a'en?on since Nijhawan (1994) reported that a flashed object is misperceived as lagging behind 
a physically aligned, con?nuously moving object. Explana?ons based on mo?on extrapola?on 
mechanisms propose that the perceived posi?on of the moving object is extrapolated, evoking 
an apparent spa?al offset even though the two objects are always physically aligned (Nijhawan, 
1994, 2002). Although different possible causes have been proposed for the FLE (see Hubbard, 
2014; Maus et al., 2010; Nijhawan, 2002 for reviews), convergent evidence from neural, 
behavioral, and computa?onal studies demonstrate how extrapola?on could be implemented in 
the visual system – and that this could compensate for neural delays and poten?ally explain the 
above illusions (Hogendoorn, 2020). Were these mechanisms to underlie the FLE, then such a 
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shiV should be expected, indeed, for the moving object but not the flash (Maus & Nijhawan, 2006; 
Nijhawan, 2002).  
 
According to the mo?on extrapola?on interpreta?on, the predic?ve mechanism that results in 
the FLE and related illusions derives from a process of constantly es?ma?ng and upda?ng mo?on 
and/or posi?on signals (Kwon et al., 2015). Arguably, early extrapola?on signals have been shown 
to carry an es?mate of an object’s velocity, in order to gauge the distance for the object to (have) 
travel(ed) (Crick & Koch, 1995; Nijhawan, 2008; Nijhawan & Wu, 2009; Pollen, 2003; Rosenbaum, 
1975). Importantly, in both representa?onal momentum (Freyd & Finke, 1985; Hubbard & 
Bharucha, 1988) and the FLE (Brenner & Smeets, 2000; Krekelberg & Lappe, 1999, 2000; López-
Moliner & Linares, 2006; Murakami, 2001; Nijhawan, 1994; Nijhawan et al., 2004), the perceived 
offset increases linearly with the velocity of the moving object. However, not all FLE studies are 
consistent. Kanai and colleages (2004) observed that the FLE was unaffected by velocity when FLE 
magnitudes was measured in spa?al units and, in fact, decreased with increased velocity in units 
of ?me. Cantor and Schor (2007) showed that the FLE decreases for veloci?es greater than one 
degree of visual angle (hereaVer denoted as dva throughout the manuscript) per second, while 
Wojtach et al. (2008) tested a larger range of 3 – 50 dva/s and found that the FLE varied as a 
logarithmic func?on of velocity, so the linear effects consistent with previous observa?ons were 
only shown at the lower velocity ranges. Such inconsistent effects led us to ques?on whether 
these FLE findings might be due to changes in perceived, rather than physical velocity (Finke et 
al., 1986; Makin et al., 2009). Although physical velocity and perceived velocity are naturally 
closely correlated, the dis?nc?on is that (physical) velocity could be perceived differently 
depending on proper?es such as object contrast (Stone & Thompson, 1992), transiency/dura?on 
(Treue et al., 1993), as well as spa?al (Smith & Edgar, 1990) and temporal (Shen et al., 2003) 
frequency. For this reason, we inves?gate the nature of the velocity representa?on that 
contributes to the neural computa?on that generates the perceived offset in the FLE.  

In the present study, we test the hypothesis that the magnitude of the FLE depends on perceived 
velocity, resulting from changes in perceived speed, even when the physical velocity of the 
moving object is unchanged. Unique among explanations of the FLE, under the motion 
extrapolation model, a neural representation of velocity is necessary for an explicit computation 
that allows us to correctly perceive objects in their current and future positions despite neural 
delays. Other models of the FLE which attribute the FLE to temporal processes (based on 
differential processing latency and attentional shifts; Baldo & Klein, 1995; Öğmen et al., 2004; 
Purushothaman et al., 1998; Whitney et al., 2000; Whitney & Murakami, 1998; or based on 
temporal averaging of positions, sampling, and postdiction; Brenner & Smeets, 2000; Eagleman 
& Sejnowski, 2000, 2007; Krekelberg & Lappe, 1999, 2000) would also expect the FLE to increase 
with faster physical speed – but only as a temporal offset evident as a spatial error (Kanai et al., 
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2004; Krekelberg & Lappe, 1999, 2000). These models therefore do not require an explicit 
representation of velocity, and as such, would not be expected to depend on perceived speed 
when physical speed remains constant. 
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2. Experiment 1 
 
One method of manipula?ng perceived speed is by dynamically modula?ng the texture of a 
moving object (Treue et al., 1993). When Carlson and colleages (2006) presented a smaller square 
with a sta?c noise texture superimposed on top of a larger square with dynamic noise and the 
two objects moved together, the area of sta?c noise was perceived to consistently lag behind the 
area of dynamic noise – causing an illusory percept that they called the Floa?ng Square illusion. 
Despite having the same physical veloci?es, observers perceived the dynamic noise object to 
move faster and separate from the sta?c noise object. The difference in perceived speed of the 
two pa'erns was sufficient to generate large perceptual errors when their rela?ve posi?ons were 
in fact iden?cal. The results from this experiment are consistent with the idea that mo?on 
extrapola?on is influenced by perceived speed. We apply this manipula?on to an FLE paradigm, 
where our mo?on s?mulus contains either a sta?c or a dynamic pa'ern. 
 
Par?cipants carried out a two-alterna?ve forced-choice (2AFC) spa?al localiza?on task where 
they were asked whether a revolving s?mulus or a flashed target appeared to lead in the direc?on 
of mo?on, at the moment of the flash. HereaVer we refer to this as the flash-lag task (Experiment 
1A). In a control speed-discrimina?on task (Experiment 1B), par?cipants were asked whether the 
pa'erns differed in perceived speed. We hypothesized that if the FLE were sensi?ve to a change 
in perceived speed, then both perceived speed and perceived offset would be greater for the 
dynamic s?mulus rela?ve to the sta?c s?mulus. Conversely, if the FLE were not dependent on 
perceived speed, then we would expect no difference in FLE magnitudes as an addi?on of a 
dynamic pa'ern. 
 
2.1 Materials and Methods 
 
2.1.1 Par2cipants  
 
A total of 99 observers par?cipated in one or both parts of Experiment 1: 30 observers 
par?cipated only in Experiment 1A, and 20 observers par?cipated only in Experiment 1B. To 
inves?gate possible correla?ons between the FLE measure obtained in Experiment 1A and the 
perceived speed measure obtained in Experiment 1B, a further 49 observers par?cipated in both 
tasks. Two observers were excluded from Experiment 1A because their results significantly 
violated normality (Shapiro-Wilk: p < 0.001; Kolmogorov-Smirnov: p < 0.001). One observer was 
excluded from both tasks for incorrectly performing the tasks. Together, this yielded a total of 76 
observers in Experiment 1A (23 male, age [M: 24.2 years, SD: 6 years]) and 68 observers in 
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Experiment 1B (23 male, age [M: 24.2 years, SD: 5.6 years]), with 48 of these observers having 
completed both tasks. 
 
All observers were naïve to the purpose of the experiment, were right-handed, and reported 
normal or corrected-to-normal vision. Observers gave informed consent and were reimbursed 10 
AUD per hour for their par?cipa?on in the experiment. The study was conducted in accordance 
with the Declara?on of Helsinki and approved by the University of Melbourne Human Research 
Ethics Commi'ee of the Melbourne School of Psychological Sciences (Ethics ID 1954146.2). 
 
2.1.2 S2muli 
 
All s?muli were presented on a 24.5-inch ASUS ROG PG258 monitor (ASUS, Taipei, Taiwan) with 
a resolu?on of 1920 × 1080 running at 200 Hz, controlled by an HP EliteDesk 800 G3 TWR running 
MATLAB R2017b (The MathWorks Inc., 2017) with PsychToolbox 3.04.14 extensions (Kleiner et al., 
2007). Par?cipants sat in a light-a'enuated room and viewed the s?muli from a headrest at 60 
cm from the screen. 
 
The mo?on s?mulus consisted of a wedge segment superimposed on a sta?c annulus, which was 
centered at a white fixa?on point and displayed on a uniform 50% gray background (Figure 1A). 
The wedge’s inner and outer edges were 4.05 dva and 6.75 dva away from the fixa?on point and 
subtended 45 degrees of polar angle (hereaVer denoted as ° throughout the manuscript; whereas, 
dva denotes degrees of visual angle) along the radial axis. The wedge revolved at a fixed speed of 
200°/s. The direc?on of mo?on varied randomly between clockwise or counter-clockwise across 
trials but was constant within a given trial.  
 
The wedge and annulus contained one of two textures. Filtered noise was created by applying a 
low-pass filter on white noise at 0.5 cycles/deg, and pixelated noise was created using an array of 
5 x 5 pixel blocks with random luminance. The dynamic pa'ern was added by replacing the 
textures with a new random set of pixels, of no correla?on with the previous set, at every frame. 
This configura?on resulted in a flickering appearance of the texture. The background of the 
annulus always had the sta?c pa'ern, because otherwise the wedge would be indis?nguishable 
from the annulus if both textures were pa'erned dynamically (second-order mo?on). 
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Figure 1. Schema?c illustra?on of the s?mulus configura?on and flash-lag sequence in 
Experiment 1A. (A) Wedge and annulus containing filtered noise (top) and pixelated noise 
(bo'om) texture (see also videos of the s?muli used in this experiment; speed reduced for 
illustra?ve purposes). (B) During a given trial, the wedge revolved within the annulus (shown with 
a pixelated noise texture and outlined in red in the figure). The target flashed aVer half the ?me 
of the overall sequence, and aVer a delay, observers were asked to respond using a keypress. A 
complete trial lasted up to 7 s, with the presenta?on sequence las?ng 2 s. In Experiment 2A, the 
mo?on s?mulus was a wedge segment without the annulus.  
 
In Experiment 1A, observers compared the posi?on of the wedge to a sta?c, target s?mulus. The 
target was a sta?onary wedge with the same sta?c texture (Figure 1B). Its inner and outer edges 
corresponded to 2.43 dva and 3.78 dva from fixa?on and subtended 45° along the radial axis.  
 
In Experiment 1B, observers compared the speed of the wedge to a comparison. The comparison 
was a solid black wedge. The speed of the wedge was constant at 200°/s, but the speed of the 
comparison varied across trials using a staircase procedure (see sec?on 2.1.3 below). Both s?muli 
always revolved in the same direc?on, which was randomly chosen at the start of each trial. 
 
2.1.3 Procedure 
 
2.1.3.1 Experiment 1A: Flash-lag task 
 
On each trial, the wedge was presented from a random star?ng posi?on of the annulus and 
revolved for one of three possible dura?ons (850, 1000, or 1150 ms chosen at random). AVer half 
the ?me of the overall sequence, the target was presented for 15 ms along the inner 

https://osf.io/n73vc/
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circumference of the annulus, aVer which the wedge con?nued revolving for the remaining 1150, 
1000, or 850 ms of its trajectory (cumula?ve presenta?on dura?on of 2 s). Then, observers were 
instructed to report whether the wedge or target was spa?ally ahead of the other when the target 
had appeared (2AFC). Keypress responses were recorded in the next 5 s – ‘i’ as in inner (target) 
or ‘o’ as in outer (wedge) – and prompted the next trial.  
 
The rela?ve spa?al loca?on of the wedge and target was driven by a one-up, one-down staircase 
procedure, and trials were randomly drawn from two interleaved staircases. At the first trial of 
each condi?on block, one staircase started at a large difference of + 20° (moving ahead of flash). 
A –20° star?ng point was omi'ed in this procedure as a reversing, flash-lead presenta?on would 
be redundant for the purpose of our hypothesized flash-lag illusion. Instead, the second staircase 
started at a smaller difference of 0° (physically aligned). Depending on the response, the 
difference was adjusted by ± 2° in the following trial drawn from that staircase. Observers 
completed 120 trials from each staircase, and the final 60 points of each staircase were averaged 
to es?mate the point of subjec?ve equality (PSE): the displacement at which the wedge and target 
were perceived as aligned. 
 
Trials were blocked into 4 condi?ons. Each condi?on consisted of 120 trials (each las?ng up to 7 
s), for a total of 480 trials over 4 blocks. The condi?ons were determined based on a combina?on 
of pa;ern type (sta?c or dynamic) and texture type (filtered noise or pixelated noise). The order 
of condi?on was randomized for observers who completed only Experiment 1A and 
counterbalanced if they completed both Experiment 1A and 1B. All observers completed 12 trials 
as prac?ce before each experimental block, followed by a self-paced break. This resulted in a total 
tes?ng dura?on of approximately 30 minutes. 
 
2.1.3.2 Experiment 1B: Speed-discrimina=on task 
 
On each trial, the comparison was presented from a random star?ng posi?on against a 50% gray 
background and revolved for a randomly chosen dura?on of 1500, 1750, or 2000 ms (Figure 2). 
Then, the comparison was removed from display, and the wedge from Experiment 1A was 
presented from a random star?ng posi?on of the annulus and revolved for 1500, 1750, or 2000 
ms also randomly chosen. Presenta?on dura?on and star?ng posi?on were varied so that 
observers could not reliably base their responses on the difference between the distance traveled 
by each wedge. AVer the sequence ended, observers were instructed to report whether the 
comparison or the wedge revolved faster (2AFC). Keypress responses were recorded in the next 
5 s – ‘1’ for first (comparison) or ‘2’ for second (wedge) – and prompted the next trial.  
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Figure 2. Schema?c illustra?on of Experiment 1B. During a given trial, the comparison and the 
wedge within the annulus (shown with a pixelated noise texture and outlined in blue in the figure) 
were presented sequen?ally. AVer a delay, observers were asked to respond using a keypress. A 
complete trial lasted up to 9 s, with the presenta?on sequence las?ng up to 4 s. In Experiment 
2B, the mo?on s?mulus was a wedge segment without the annulus. 
 
While the speed of the wedge was fixed, the speed of the comparison was determined using a 
similar staircase procedure using the ra?o of these two s?mulus speeds. Trials were drawn from 
one of two interleaved staircases. The first staircase was ini?alized at 1.0757°, and the second 
started at 1.075-7°, with a step size set to 1.075° for both. The staircase value of a given trial was 
propor?onate to the rela?ve speed of the comparison and the wedge. Because velocity is 
represented logarithmically in percep?on (Nover et al., 2005; Priebe & Lisberger, 2004), the steps 
were adjusted by means of mul?plying and dividing, rather than adding and subtrac?ng. For 
example, 1.0757° (~ 1.66) indicated that the comparison revolved at 166% of the speed of the 
wedge (166% of 200°/s). Depending on the response, the speed of the comparison was adjusted 
by 1.075° in the following trial drawn from that staircase. Observers completed 72 trials from 
each staircase, and the last 36 points of each staircase were averaged to es?mate the PSE: the 
speed at which the comparison and wedge were perceived to match. 
 
Trials were blocked into the same 4 condi?ons of Experiment 1A: pa;ern type (sta?c or dynamic) 
and texture type (filtered noise or pixelated noise). All observers completed a total of 4 blocks. 
Observers who completed only Experiment 1B completed 72 trials per block (for a total of 288 
trials), and observers who completed both Experiment 1A and 1B completed 144 trials per block 
(for a total of 576 trials). The total tes?ng dura?on was 25 and 50 minutes, respec?vely. 
 

2.2 Results 
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We tested for differences in the magnitude of the FLE and perceived speed in each condi?on using 
a two-way repeated measures ANOVA with factors of pa;ern type (sta?c or dynamic) and texture 
type (filtered noise or pixelated noise). Post hoc paired-samples t-tests (two-tailed) with 
Bonferroni correc?ons es?mated these differences. 
 

2.2.1 Experiment 1A: Effect of noise texture on perceived flash-lag 
 
A repeated measures ANOVA revealed a significant main effect of pa'ern type (F1,75 = 5.14, p = 
0.026), with greater FLE magnitudes observed for dynamic pa'ern than for sta?c pa'ern wedges 
(Figure 3A). There was no significant main effect of texture type (F1,75 = 1.61, p = 0.209) and no 
interac?on effect between the two factors (F1,75 = 0.81, p = 0.37). The mean PSE was significantly 
larger for dynamic pa'ern compared to sta?c pa'ern wedges for the filtered noise texture (t75 = 
2.49, p = 0.015), but the difference did not reach significance for the pixelated noise texture (t75 
= 1.03, p = 0.309). 
 

 
Figure 3. Results of Experiment 1. For illustra?ve purposes, the bars contain corresponding 
textures in the figure. (A) Mean FLE magnitudes of sta?c pa'ern and dynamic pa'ern wedges 
across the texture condi?ons in Experiment 1A. (B) Mean perceived speeds of sta?c pa'ern and 
dynamic pa'ern wedges across the texture condi?ons in Experiment 1B. Perceived speed was 
calculated as a ra?o of the comparison speed rela?ve to the wedge speed (taller bars mean that 
objects in that condi?on were perceived as faster). Baseline speed is indicated by a horizontal 
dashed line at y = 1. Mean perceived speeds were significantly different from zero and between 
pa'ern condi?ons. Error bars represent standard errors across observers. Asterisks above the 
bars indicate a sta?s?cally significant main effect of pa'ern type. * denotes p < 0.05. *** denotes 
p < 
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2.2.2 Experiment 1B: Effect of noise texture on perceived speed 
 
A repeated measures ANOVA showed a significant main effect of pa'ern type on perceived speed 
(F1,67 = 35.82, p < 0.001), with higher perceived speeds reported for dynamic pa'ern than for 
sta?c pa'ern wedges (Figure 3B). This effect was significant for both filtered noise (t67 = 4.08, p < 
0.001) and pixelated noise (t67 = 5.33, p < 0.001) textures. In addi?on, there was a significant main 
effect of texture type (F1,67= 11.5, p = 0.001) but no significant interac?on effect (F1,67 = 2.518, p = 
0.117). 
 
2.2.3 Cross-effect correla2on  
 
In order to further evaluate the possible rela?onship between the two measures, we inves?gated 
whether a dynamic pa'ern affected perceived speed and perceived posi?on (flash-lag) in the 
same way. We were interested in the rela?on between one effect and the other, and if this was 
consistent between observers in a cross-effect correla?on analysis. Among 48 observers who 
completed both tasks, we hypothesized that observers for whom the dynamic pa'ern textures 
greatly increased perceived speed would be expected to report larger changes in the illusion, and 
conversely, observers with minimal (or nega?ve) changes in perceived speed would be expected 
to show corresponding small or nega?ve effects in the illusion. However, Pearson’s correla?on 
(two-tailed) did not reveal a significant correla?on between the two tasks in either filtered noise 
(r = 0.15, p = 0.3) or pixelated noise (r = 0.07, p = 0.64) condi?ons (Figure 4).  
 

 
Figure 4. Change in FLE magnitude plo'ed as a func?on of change in perceived speed for (A) 
filtered noise and (B) pixelated noise textures. Legend for texture type is shown in the top right 
corner of each panel. 
 

3. Experiment 2 
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Overall, Experiment 1 demonstrates that the dynamic modula?on of a moving object’s texture, 
which is known to influence perceived speed, also influences the perceived posi?on of the moving 
object – systemically in the same direc?on in the FLE, as predicted by the mo?on extrapola?on 
model. To provide confidence that this effect is due to changes in perceived speed rather than 
unknown low-level factors, we carried out a parallel set of experiments to inves?gate whether a 
different, independent manipula?on of perceived speed similarly affects the FLE.  
 
The well-known ‘Thompson effect’ describes how speed is underes?mated at low contrasts 
(Ans?s, 2003; Blakemore & Snowden, 1999; Snowden et al., 1998; Thompson, 1982). As a natural 
example, this has been used to explain why drivers frequently drive too fast under foggy 
condi?ons, compensa?ng for their incorrect es?mates of how fast (or slow) they and other cars 
are moving (Ans?s, 2003; Snowden et al., 1998; but see Owens et al., 2010; Pre'o et al., 2012). 
Theore?cally, this effect is consistent with the findings of Berry et al. (1999), which showed that 
an?cipatory neural responses for the leading edges of a moving object varied based on the 
contrast of the object. It also resembles the Hess effect (Hess, 1904), a similar illusion to the 
Floa?ng Squares illusion and the FLE, in which a brighter object is perceived to lead a dimmer 
object when the two are actually aligned and have the same physical veloci?es. However, the 
effects of contrast on perceived speed depend on proper?es such as object luminance or physical 
velocity, and a handful of studies previously demonstrated that the effect can reverse under 
certain circumstances. For example, perceived speed can be overes?mated at higher veloci?es 
(>8 dva/s; Hawken et al., 1994; Pre'o et al., 2012; Thompson et al., 2006) and low luminance 
levels (Vaziri-Pashkam & Cavanagh, 2008, 2011). 
 
The effects of contrast have also been specifically inves?gated in the context of mo?on 
extrapola?on. In the FLE, Kanai et al. (2004) found increases in FLE magnitude with decreases in 
contrast of moving objects with the background. Kanai et al. suggested that the FLE was 
modulated by posi?onal uncertainty, as visibility is affected when the contrast of a target and 
background is reduced. Maus and Nijhawan (2006, 2009) also reported that the forward 
displacement of a moving object increases if the contrast of the target gradually decreased, while 
Hubbard and Ruppel (2014) reported that representa?onal momentum decreases with low or 
decreasing contrast of the target and background. Finally, Vaziri-Pashkam and Cavanagh's (2011) 
FLE paradigm presented a moving patch of random dots against the background containing sta?c 
random dots. While they previously found that the perceived speed of moving objects increases 
at low luminance, caused by mo?on blurring for faster speeds (Vaziri-Pashkam & Cavanagh, 2008), 
there were no addi?onal effects on FLE magnitude due to these changes in perceived speed.  
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We reexamined the effects of contrast in Experiment 2. In line with Experiment 1, the primary 
(moving) s?mulus revolved at a speed of 200°/s, but presented at either high (100%) or low (10%) 
contrast. Based on the divergent effects of contrast on perceived speed in the previous literature 
as briefly discussed above, we had no a priori direc?onal hypothesis about the effect of contrast 
on perceived speed. Instead, we hypothesized that any effect of contrast on perceived speed 
would be mirrored in an effect on FLE magnitudes in the same direc?on. In other words, mean 
FLE magnitudes would increase in high contrast rela?ve to low contrast condi?ons if perceived 
speed increased with high contrast, or in the opposite direc?on, it would increase for low contrast 
compared to high contrast condi?ons if perceived speed increased with low contrast. Conversely, 
if the FLE were not driven by perceived speed, then we would expect an effect of contrast on 
perceived speed, but no effect on FLE magnitudes. 
 

3.1 Materials and Methods 
 
3.1.1 Par2cipants  
 
Seven observers (3 males, mean age 25.3 years, SD 3.4 years) par?cipated in the experiment. All 
were experienced observers and completed both Experiment 2A (Flash-lag) and 2B (Speed-
discrimina?on). All inclusion criteria were iden?cal to Experiment 1. 
 
3.1.2 S2muli  
 
S?muli were similar to those used in Experiment 1 with the following excep?ons (see also videos 
of the s?muli used in this experiment). In Experiment 2, the mo?on s?mulus consisted of a wedge 
segment without the annulus, against a uniform gray background. In doing so, we aimed to 
control for a poten?al confounding effect, as otherwise observers would be required to detect 
the contrast of the wedge on top of the background of the annulus against the background, while 
tracking the wedge’s mo?on (Blakemore & Snowden, 2000).  
 
Observers viewed the s?muli from a distance of 50 cm. The inner and outer edges of the wedge 
and the comparison were 4.75 dva and 7.92 dva away from the fixa?on point and subtended 45° 
along the radial axis. The inner and outer edges of the target were 3.46 dva and 4.44 dva from 
fixa?on, subtending 45° along the radial axis. S?muli textures were filtered noise or pixelated 
noise and always presented as a sta?c pa'ern. The main experimental manipula?on of 
Experiment 2 was that on each trial, the wedge was presented at high (100%) or low (10%) 
contrast rela?ve to the gray background. The target was always presented at 100% contrast.  

https://osf.io/fs634/
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3.1.3 Procedure  
 
Due to the COVID-19 pandemic, observers par?cipated from their own homes. All observers were 
provided with iden?cal-speed ASUS ROG PG258Q monitors (1920 x 1080 resolu?on, 200 Hz), and 
completed the experiment in a dimly lit room. A chinrest was not used for this experiment, but 
observers were instructed to sit approximately 50 cm from the screen and make sure the fixa?on 
point was at eye level. 
 
The experimental condi?ons were determined by a combina?on of contrast level (high or low) 
and texture type (filtered noise or pixelated noise). All observers completed a total of 4 blocks: 
120 trials per block (for a total of 480 trials) in Experiment 2A and 144 trials per block (for a total 
of 576 trials) in Experiment 2B. The total tes?ng dura?on was approximately 80 minutes. 

 
3.2 Results  
 
As in Experiment 1, we probed FLE magnitudes for each condi?on in Experiment 2A and perceived 
speed in Experiment 2B. We submi'ed all data to a two-way repeated measures ANOVA with 
factors of contrast level (high or low) and texture type (filtered noise or pixelated noise) and t-
tests. All relevant assump?ons were met. 
 
3.2.1 Experiment 2A: Effect of contrast on perceived flash-lag 
 
A repeated measures ANOVA revealed a significant main effect of contrast level (F1,6 = 7.32, p = 
0.035), with greater FLE magnitudes observed for low contrast than for high contrast wedges 
(Figure 5A). There was a main effect of texture type (F1,6 = 28.87, p = 0.002), with greater FLE 
magnitudes observed for pixelated noise than for filtered noise condi?ons. There was no 
significant interac?on effect (F1,6 = 0.47, p = 0.52). The mean PSE was significantly larger for low 
contrast compared to high contrast wedges for filtered noise (t6 = 3.47, p = 0.013), but the 
difference did not reach significance for pixelated noise (t6 = 2.12, p = 0.078). For individual data, 
the FLE consistently increased in low contrast compared to high contrast condi?ons for all but 
two observers (P6 for filtered noise and P3 for pixelated noise; Figure 5B). 
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Figure 5. Results of Experiment 2A. For illustra?ve purposes, the bars contain corresponding 
textures and contrasts in this figure. (A) Mean FLE magnitudes of high and low contrast wedges 
across texture condi?ons, pooled over all seven observers. (B) Individual observers. Error bars 
represent standard errors across observers. The asterisk above the bars indicates a sta?s?cally 
significant main effect of contrast level at p < 0.05. 
 
3.2.2 Experiment 2B: Effect of contrast on perceived speed 
 
A repeated measures ANOVA revealed a significant main effect of contrast level on perceived 
speed (F1,6 = 52.85, p < 0.001), with low contrast perceived to move faster than high contrast 
wedges of the same velocity (Figure 6A). There was no significant main effect of texture type (F1,6 
= 0.086, p = 0.779) or an interac?on effect (F1,6 = 4.68, p = 0.074). The mean PSE was significantly 
larger for low contrast compared to high contrast wedges in both filtered noise (t6 = 5.72, p = 
0.001) and pixelated noise (t6 = 7.31, p < 0.001) condi?ons. The effect was highly consistent across 
individual observers (Figure 6B). 
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Figure 6. Results of Experiment 2B. For illustra?ve purposes, the bars contain corresponding 
textures and contrasts in this figure. (A) Mean perceived speeds of high and low contrast wedges 
across texture condi?ons, pooled over all seven observers. (B) Individual observers. Perceived 
speed was calculated as a ra?o of the comparison rela?ve to the wedge speed, and the baseline 
speed is indicated as y = 1. Error bars represent standard errors across observers. Asterisks above 
the bars indicate a sta?s?cally significant main effect of contrast level. *** denotes p < 0.001. 
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4. Discussion 
 
The flash-lag effect (FLE) is a classic illusion that has been argued to result from mo?on 
extrapola?on mechanisms that might be implemented in the visual system to contribute to 
overcoming its ?me delays. Although many alterna?ve explana?ons for the FLE have been 
presented, the mo?on extrapola?on account uniquely posits a neural computa?on that requires 
a representa?on of velocity. We hypothesized that under this interpreta?on, experimental 
manipula?ons that affect perceived velocity might similarly influence the magnitude of the FLE. 
Therefore, we examined how illusions of perceived speed could alter the perceived flash-lag in 
two experiments. We show that dynamically modula?ng a texture causes an illusory percept of 
increased speed as well as increased FLE magnitude compared to a sta?c pa'ern. Similarly, when 
objects were presented at low contrast, both perceived speed and FLE magnitude also increased 
rela?ve to high contrast. These findings appear to be consistent with the mo?on extrapola?on 
account of the FLE.  
 
Experiment 1 shows robust differences between dynamic and sta?c pa'erns for perceived speed 
and FLE magnitude. Such differences were qualita?vely similar across different textures. Overall, 
these results closely reproduce the previously reported effects on the perceived speed of gra?ngs, 
Gabor patches, and in the Floa?ng Square illusion (Carlson et al., 2006; De Valois & De Valois, 
1991; Shen et al., 2003; Treue et al., 1993), and are also consistent with the effects of speed on 
mo?on extrapola?on (Brenner & Smeets, 2000; Freyd & Finke, 1985; Hubbard & Bharucha, 1988; 
Krekelberg & Lappe, 1999, 2000; López-Moliner & Linares, 2006; Murakami, 2001; Nijhawan, 
1994; Nijhawan et al., 2004). 
 
Experiment 2 likewise shows subjec?ve increases in both perceived speed and FLE magnitude at 
low contrast rela?ve to high contrast. These results diverge from findings of previous mo?on 
extrapola?on studies on the effects of contrast (e.g., Hubbard & Ruppel, 2014; Maus & Nijhawan, 
2006, 2009), in that our mo?on s?mulus was perceived as faster at low contrast than high contrast. 
The discrepancy with the Thompson effect is likely due to methodological differences because 
our wedge had revolved at approximately 28.15 dva/s, which is significantly faster than in the 
literature we outlined here (approximately 3–17 dva/s; Blakemore & Snowden, 1999; Hubbard & 
Ruppel, 2014; Maus & Nijhawan, 2006, 2009; Stone & Thompson, 1992; Thompson et al., 2006). 
Consistent with this interpreta?on, Vaziri-Pashkam and Cavanagh (2011) found that out of a range 
of veloci?es, only their highest velocity of 27.36 dva/s was overes?mated at low contrasts. 
 
If a neural representa?on of perceived velocity is used to inform the extrapola?on process that 
underlies the FLE, then we would expect to see a causal rela?onship between the effects of 
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dynamic pa'ern on perceived speed and the effects on the FLE. However, we did not observe a 
correla?on between the behavioral responses, similar to Vaziri-Pashkam and Cavanagh (2011), 
with a por?on of observers showing a decrease in FLE magnitude despite clear increases in 
perceived speed. One possibility is that the experiments in this study illustrate that different 
processes are involved in making judgments of speed versus rela?ve posi?on. For example, 
de’Spera? & Thornton (2019) showed that varying the contrast of a moving object influenced 
extrapola?on judgments but not intercep?ve decisions when observers were required to make 
saccadic eye movements to avoid colliding with mul?ple moving targets. Based on these findings, 
de’ Spera? and Thornton suggested these tasks involve intrinsically different processes. An 
important ques?on arising from our findings is therefore whether the representa?ons of velocity 
that contribute to explicit reports of mo?on (i.e. how fast an object is perceived to move) differ 
from the representa?ons used for implicit processing of posi?on ( i.e. where an object is; cf. 
Brenner & Smeets, 1994; Smeets & Brenner, 1995a) – and involve different cor?cal areas – or, 
alterna?vely, if a shared velocity representa?on might cause greater differences in perceived 
speed than in the FLE. The la'er explana?on could reconcile findings of Vaziri-Pashkam and 
Cavanagh (2011), as at low luminance the effects of perceived speed did not significantly affect 
the overall magnitude of the FLE any more than the effects of physical speed. 
 
Furthermore, there was a large variability for individual observers in Experiments 1A and 1B. This 
could be partly a'ributed to measurement noise, so we can suspect that the effect of perceived 
speed (although robust within individuals) might explain only a small propor?on of the variance 
in the illusion across individuals in our study. Other factors might also influence responses in the 
FLE (thereby contribu?ng to error variance). Kanai et al. (2004) reported FLE biases in the same 
direc?on, but they explain their effect of contrast using uncertainty (see also Fu et al., 2001; Maus 
& Nijhawan, 2006, 2009; Purushothaman et al., 1998; Vreven & Verghese, 2005). According to 
this interpreta?on, increases in FLE magnitude are caused by increases in posi?onal uncertainty, 
due to decreased contrast rather than increased perceived speed. This reasoning is also 
compa?ble with Experiment 1 if the dynamic pa'ern would increase uncertainty; presumably, 
dynamically pa'erned or low contrast objects would be expected to elicit weaker or noisier 
posi?on signals for the visual system to work with. In turn, the perceived posi?on might depend 
more strongly on predic?ons origina?ng from extrapola?on processes, and be less strongly 
influenced by (uncertain) sensory informa?on. This would, in principle, be expected to cause 
increases in FLE magnitude for dynamic pa'ern or low contrast condi?ons as we observe here. 
However, the hypothesized effects of uncertainty have been shown to have li'le impact on 
judgments of speed (Stocker & Simoncelli, 2006), and observers can accurately report the 
extrapolated posi?ons of moving objects despite decreases in visibility (Graf et al., 2005), making 
this interpreta?on unlikely. 
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Instead, we might consider if there is an indirect or addi?onal influence of uncertainty. 
Uncertainty could predict an increase in error variance, and this would be expected to work 
against any systemic biases, rather than cause one. This would be compa?ble with the absence 
of a cross-effect correla?on. Another possible influence on our effects is not in terms of 
uncertainty, but in the amount of a'en?on allocated to the moving object. We cannot rule this 
possibility out, as we did not explicitly control or measure a'en?on in our different condi?ons. 
Conceivably, an object containing a dynamic pa'ern might require more a'en?on to localize than 
an object containing a sta?c texture. If this were true, then we might expect a greater FLE, based 
on studies showing that the FLE increases when a'en?on is divided  (e.g., across concurrent tasks, 
across mul?ple s?muli, or for increased speeds; Sarich et al., 2007; Scocchia et al., 2009). This 
explana?on also applies if low contrast requires more a'en?on than high contrast. These 
alterna?ve interpreta?ons would need to be tested by future experiments.  
 
Overall, the pa'ern of results is consistent with the no?on that the magnitude of the FLE depends 
on a neural representa?on of velocity that is sensi?ve to (some of) the same experimental 
manipula?ons that also affect over-reports of perceived speed. This finding is consistent with an 
explana?on of the FLE in terms of visual mo?on extrapola?on. It also corroborates a growing body 
of evidence suppor?ng the existence of neural mechanisms involved in extrapola?on in both 
animal models (Benvenu? et al., 2020; Berry et al., 1999; Jancke et al., 2004; Palmer et al., 2015; 
Schwartz et al., 2007; Subramaniyan et al., 2018; Sundberg et al., 2006) and human neuroimaging 
(Blom et al., 2020; Ekman et al., 2017; Hogendoorn & Burki', 2018; Schneider et al., 2019), and 
is consistent with several decades inves?ga?ng mo?on extrapola?on in percep?on (Hogendoorn, 
2020; Hubbard, 2005, 2014, 2018; Maus et al., 2010; Nijhawan, 2002, 2008). 
  



MOTION EXTRAPOLATION IN THE FLASH-LAG EFFECT  
 
 

 
 

49 

References 
 
Ans?s, S. (2003). Moving objects appear to slow down at low contrasts. Neural Networks, 16(5–

6), 933–938. h'ps://doi.org/10.1016/S0893-6080(03)00111-4 

Arnold, D. H., Thompson, M., & Johnston, A. (2007). Mo?on and posi?on coding. Vision 
Research, 47(18), 2403–2410. h'ps://doi.org/10.1016/j.visres.2007.04.025 

Baldo, M. V. C., & Klein, S. A. (1995). Extrapola?on or a'en?on shiV? Nature, 378(6557), Ar?cle 
6557. h'ps://doi.org/10.1038/378565a0 

Benvenu?, G., Chemla, S., Boonman, A., Perrinet, L., Masson, G. S., & Chavane, F. (2020). 
An<cipatory responses along mo<on trajectories in awake monkey area V1 [Preprint]. 
Neuroscience. h'ps://doi.org/10.1101/2020.03.26.010017 

Berry, M. J., Brivanlou, I. H., Jordan, T. A., & Meister, M. (1999). An?cipa?on of moving s?muli by 
the re?na. Nature, 398(6725), 334–338. h'ps://doi.org/10.1038/18678 

Blakemore, M. R., & Snowden, R. J. (1999). The Effect of Contrast upon Perceived Speed: A 
General Phenomenon? Percep<on, 28(1), 33–48. h'ps://doi.org/10.1068/p2722 

Blakemore, M. R., & Snowden, R. J. (2000). Textured backgrounds alter perceived speed. Vision 
Research, 40(6), 629–638. h'ps://doi.org/10.1016/S0042-6989(99)00214-X 

Blom, T., Feuerriegel, D., Johnson, P., Bode, S., & Hogendoorn, H. (2020). Predic?ons drive 
neural representa?ons of visual events ahead of incoming sensory informa?on. 
Proceedings of the Na<onal Academy of Sciences, 117(13), 7510–7515. 
h'ps://doi.org/10.1073/pnas.1917777117 

Brenner, E., & Smeets, J. B. J. (1994). Different frames of reference for posi?on and mo?on. 
Naturwissenscha^en, 81(1), 30–32. h'ps://doi.org/10.1007/BF01138558 

Brenner, E., & Smeets, J. B. J. (2000). Mo?on extrapola?on is not responsible for the flash–lag 
effect. Vision Research, 40(13), 1645–1648. h'ps://doi.org/10.1016/S0042-
6989(00)00067-5 

Cantor, C. R. L., & Schor, C. M. (2007). S?mulus dependence of the flash-lag effect. Vision 
Research, 47(22), 2841–2854. h'ps://doi.org/10.1016/j.visres.2007.06.023 



CHAPTER 2 
 
 

 
 
50 

Carlson, T. A., Schrater, P., & He, S. (2006). Floa?ng square illusion: Perceptual uncoupling of 
sta?c and dynamic objects in mo?on. Journal of Vision, 6(2), 4. 
h'ps://doi.org/10.1167/6.2.4 

Cavanagh, P. (1997). Visual percep?on. Predic?ng the present. Nature, 386(6620), 19, 21. 
h'ps://doi.org/10.1038/386019a0 

Crick, F., & Koch, C. (1995). Are we aware of neural ac?vity in primary visual cortex? Nature, 
375(6527), 121–123. h'ps://doi.org/10.1038/375121a0 

de’Spera?, C., & Thornton, I. M. (2019). Mo?on predic?on at low contrast. Vision Research, 154, 
85–96. h'ps://doi.org/10.1016/j.visres.2018.11.004 

De Valois, R. L., & De Valois, K. K. (1991). Vernier acuity with sta?onary moving Gabors. Vision 
Research, 31(9), 1619–1626. h'ps://doi.org/10.1016/0042-6989(91)90138-U 

Eagleman, D. M., & Sejnowski, T. J. (2000). Mo?on Integra?on and Postdic?on in Visual 
Awareness. Science, 287(5460), 2036–2038. 
h'ps://doi.org/10.1126/science.287.5460.2036 

Eagleman, D. M., & Sejnowski, T. J. (2007). Mo?on signals bias localiza?on judgments: A unified 
explana?on for the flash-lag, flash-drag, flash-jump, and Frohlich illusions. Journal of 
Vision, 7(4), 3–3. h'ps://doi.org/10.1167/7.4.3 

Ekman, M., Kok, P., & De Lange, F. P. (2017). Time-compressed preplay of an?cipated events in 
human primary visual cortex. Nature Communica<ons, 8(1), 15276. 
h'ps://doi.org/10.1038/ncomms15276 

Finke, R. A., Freyd, J. J., & Shyi, G. C. (1986). Implied velocity and accelera?on induce 
transforma?ons of visual memory. Journal of Experimental Psychology: General, 115(2), 
175–188. h'ps://doi.org/10.1037/0096-3445.115.2.175 

Freyd, J. J., & Finke, R. A. (1984). Representa?onal momentum. Journal of Experimental 
Psychology: Learning, Memory, and Cogni<on, 10(1), 126–132. 
h'ps://doi.org/10.1037/0278-7393.10.1.126 

Freyd, J. J., & Finke, R. A. (1985). A velocity effect for representa?onal momentum. Bulle<n of 
the Psychonomic Society, 23(6), 443–446. h'ps://doi.org/10.3758/BF03329847 



MOTION EXTRAPOLATION IN THE FLASH-LAG EFFECT  
 
 

 
 

51 

Fröhlich, F. W. (1924). Über die Messung der Empfindungszeit. Pflüger’s Archiv für die gesamte 
Physiologie des Menschen und der Tiere, 202(1), 566–572. 
h'ps://doi.org/10.1007/BF01723521 

Fu, Y.-X., Shen, Y., & Dan, Y. (2001). Mo?on-Induced Perceptual Extrapola?on of Blurred Visual 
Targets. The Journal of Neuroscience, 21(20), RC172–RC172. 
h'ps://doi.org/10.1523/JNEUROSCI.21-20-j0003.2001 

Graf, E. W., Warren, P. A., & Maloney, L. T. (2005). Explicit es?ma?on of visual uncertainty in 
human mo?on processing. Vision Research, 45(24), 3050–3059. 
h'ps://doi.org/10.1016/j.visres.2005.08.007 

Hawken, M. J., Gegenfurtner, K. R., & Tang, C. (1994). Contrast dependence of colour and 
luminance mo?on mechanisms in human vision. Nature, 367(6460), 268–270. 
h'ps://doi.org/10.1038/367268a0 

Hess, C. (1904). Untersuchungenu¨ber den Erregungsvorgang im Sehorgan bei kurz- und bei 
la¨ngerdauernder Reizung. . . Pflu¨ger’s Arch. Ges. Physiol., 101, 226–262. 

Hogendoorn, H. (2020). Mo?on Extrapola?on in Visual Processing: Lessons from 25 Years of 
Flash-Lag Debate. The Journal of Neuroscience, 40(30), 5698–5705. 
h'ps://doi.org/10.1523/JNEUROSCI.0275-20.2020 

Hogendoorn, H., & Burki', A. N. (2018). Predic?ve coding of visual object posi?on ahead of 
moving objects revealed by ?me-resolved EEG decoding. NeuroImage, 171, 55–61. 
h'ps://doi.org/10.1016/j.neuroimage.2017.12.063 

Hubbard, T. L. (1995). Environmental invariants in the representa?on of mo?on: Implied 
dynamics and representa?onal momentum, gravity, fric?on, and centripetal force. 
Psychonomic Bulle<n & Review, 2(3), 322–338. h'ps://doi.org/10.3758/BF03210971 

Hubbard, T. L. (2005). Representa?onal momentum and related displacements in spa?al 
memory: A review of the findings. Psychonomic Bulle<n & Review, 12(5), 822–851. 
h'ps://doi.org/10.3758/BF03196775 

Hubbard, T. L. (2014). The flash-lag effect and related mislocaliza?ons: Findings, proper?es, and 
theories. Psychological Bulle<n, 140(1), 308–338. h'ps://doi.org/10.1037/a0032899 

Hubbard, T. L. (2018). Influences on representa?onal momentum. In Spa<al biases in percep<on 
and cogni<on (pp. 121–138). Cambridge University Press. 
h'ps://doi.org/10.1017/9781316651247.009 



CHAPTER 2 
 
 

 
 
52 

Hubbard, T. L., & Bharucha, J. J. (1988). Judged displacement in apparent ver?cal and horizontal 
mo?on. Percep<on & Psychophysics, 44(3), 211–221. 
h'ps://doi.org/10.3758/BF03206290 

Hubbard, T. L., & Ruppel, S. E. (2014). An Effect of Contrast and Luminance on Visual 
Representa?onal Momentum for Loca?on. Percep<on, 43(8), 754–766. 
h'ps://doi.org/10.1068/p7714 

Jancke, D., Erlhagen, W., Schöner, G., & Dinse, H. R. (2004). Shorter latencies for mo?on 
trajectories than for flashes in popula?on responses of cat primary visual cortex: 
Popula?on coding of posi?on in visual cortex. The Journal of Physiology, 556(3), 971–
982. h'ps://doi.org/10.1113/jphysiol.2003.058941 

Kanai, R., Sheth, B. R., & Shimojo, S. (2004). Stopping the mo?on and sleuthing the flash-lag 
effect: Spa?al uncertainty is the key to perceptual mislocaliza?on. Vision Research, 
44(22), 2605–2619. h'ps://doi.org/10.1016/j.visres.2003.10.028 

Kerzel, D., & Gegenfurtner, K. R. (2003). Neuronal Processing Delays Are Compensated in the 
Sensorimotor Branch of the Visual System. Current Biology, 13(22), 1975–1978. 
h'ps://doi.org/10.1016/j.cub.2003.10.054 

Kleiner, M., Brainard, D. H., Pelli, D. G., Ingling, A., Murray, R., & Broussard, C. (2007). What’s 
new in Psychtoolbox-3? Percep<on, 36(14), 1–16. 

Krekelberg, B., & Lappe, M. (1999). Temporal recruitment along the trajectory of moving objects 
and the percep?on of posi?on. Vision Research, 39(16), 2669–2679. 
h'ps://doi.org/10.1016/S0042-6989(98)00287-9 

Krekelberg, B., & Lappe, M. (2000). A model of the perceived rela?ve posi?ons of moving 
objects based upon a slow averaging process. Vision Research, 40(2), 201–215. 
h'ps://doi.org/10.1016/S0042-6989(99)00168-6 

Kwon, O.-S., Tadin, D., & Knill, D. C. (2015). Unifying account of visual mo?on and posi?on 
percep?on. Proceedings of the Na<onal Academy of Sciences, 112(26), 8142–8147. 
h'ps://doi.org/10.1073/pnas.1500361112 

López-Moliner, J., & Linares, D. (2006). The flash-lag effect is reduced when the flash is 
perceived as a sensory consequence of our ac?on. Vision Research, 46(13), 2122–2129. 
h'ps://doi.org/10.1016/j.visres.2005.11.016 



MOTION EXTRAPOLATION IN THE FLASH-LAG EFFECT  
 
 

 
 

53 

Makin, A. D. J., Stewart, A. J., & Poliakoff, E. (2009). Typical object velocity influences mo?on 
extrapola?on. Experimental Brain Research, 193(1), 137–142. 
h'ps://doi.org/10.1007/s00221-008-1678-0 

Maunsell, J. H., & Gibson, J. R. (1992). Visual response latencies in striate cortex of the macaque 
monkey. Journal of Neurophysiology, 68(4), 1332–1344. 
h'ps://doi.org/10.1152/jn.1992.68.4.1332 

Maus, G. W., Khurana, B., & Nijhawan, R. (2010). History and theory of flash-lag: Past, present, 
and future. In R. Nijhawan & B. Khurana (Eds.), Space and Time in Percep<on and Ac<on 
(1st ed., pp. 477–500). Cambridge University Press. 
h'ps://doi.org/10.1017/CBO9780511750540.027 

Maus, G. W., & Nijhawan, R. (2006). Forward displacements of fading objects in mo?on: The 
role of transient signals in perceiving posi?on. Vision Research, 46(26), 4375–4381. 
h'ps://doi.org/10.1016/j.visres.2006.08.028 

Maus, G. W., & Nijhawan, R. (2008). Mo?on Extrapola?on Into the Blind Spot. Psychological 
Science, 19(11), 1087–1091. h'ps://doi.org/10.1111/j.1467-9280.2008.02205.x 

Maus, G. W., & Nijhawan, R. (2009). Going, going, gone: Localizing abrupt offsets of moving 
objects. Journal of Experimental Psychology: Human Percep<on and Performance, 35(3), 
611–626. h'ps://doi.org/10.1037/a0012317 

Murakami, I. (2001). The flash-lag effect as a spa?otemporal correla?on structure. Journal of 
Vision, 1(2), 6. h'ps://doi.org/10.1167/1.2.6 

Nijhawan, R. (1994). Mo?on extrapola?on in catching. Nature, 370(6487), 256–256. 
h'ps://doi.org/10.1038/370256a0 

Nijhawan, R. (2002). Neural delays, visual mo?on and the flash-lag effect. Trends in Cogni<ve 
Sciences, 6(9), 387–393. h'ps://doi.org/10.1016/S1364-6613(02)01963-0 

Nijhawan, R. (2008). Visual predic?on: Psychophysics and neurophysiology of compensa?on for 
?me delays. Behavioral and Brain Sciences, 31(2), 179–198. 
h'ps://doi.org/10.1017/S0140525X08003804 

Nijhawan, R., Watanabe, K., Khurana, B., & Shimojo, S. (2004). Compensa?on of neural delays in 
visual-motor behaviour: No evidence for shorter afferent delays for visual mo?on. Visual 
Cogni<on, 11(2–3), 275–298. h'ps://doi.org/10.1080/13506280344000347 



CHAPTER 2 
 
 

 
 
54 

Nijhawan, R., & Wu, S. (2009). Compensa?ng ?me delays with neural predic?ons: Are 
predic?ons sensory or motor? Philosophical Transac<ons of the Royal Society A: 
Mathema<cal, Physical and Engineering Sciences, 367(1891), 1063–1078. 
h'ps://doi.org/10.1098/rsta.2008.0270 

Nover, H., Anderson, C. H., & DeAngelis, G. C. (2005). A logarithmic, scale-invariant 
representa?on of speed in macaque middle temporal area accounts for speed 
discrimina?on performance. The Journal of Neuroscience: The Official Journal of the 
Society for Neuroscience, 25(43), 10049–10060. 
h'ps://doi.org/10.1523/JNEUROSCI.1661-05.2005 

Öğmen, H., Patel, S. S., Bedell, H. E., & Camuz, K. (2004). Differen?al latencies and the dynamics 
of the posi?on computa?on process for moving targets, assessed with the flash-lag 
effect. Vision Research, 44(18), 2109–2128. h'ps://doi.org/10.1016/j.visres.2004.04.003 

Owens, D. A., Wood, J., & Carberry, T. (2010). Effects of Reduced Contrast on the Percep?on and 
Control of Speed When Driving. Percep<on, 39(9), 1199–1215. 
h'ps://doi.org/10.1068/p6558 

Palmer, S. E., Marre, O., Berry, M. J., & Bialek, W. (2015). Predic?ve informa?on in a sensory 
popula?on. Proceedings of the Na<onal Academy of Sciences, 112(22), 6908–6913. 
h'ps://doi.org/10.1073/pnas.1506855112 

Pollen, D. A. (2003). Explicit Neural Representa?ons, Recursive Neural Networks and Conscious 
Visual Percep?on. Cerebral Cortex, 13(8), 807–814. 
h'ps://doi.org/10.1093/cercor/13.8.807 

Pre'o, P., Bresciani, J.-P., Rainer, G., & Bülthoff, H. H. (2012). Foggy percep?on slows us down. 
eLife, 1, e00031. h'ps://doi.org/10.7554/eLife.00031 

Priebe, N. J., & Lisberger, S. G. (2004). Es?ma?ng Target Speed from the Popula?on Response in 
Visual Area MT. The Journal of Neuroscience, 24(8), 1907–1916. 
h'ps://doi.org/10.1523/JNEUROSCI.4233-03.2004 

Purushothaman, G., Patel, S. S., Bedell, H. E., & Ogmen, H. (1998). Moving ahead through 
differen?al visual latency. Nature, 396(6710), 424–424. h'ps://doi.org/10.1038/24766 

Roach, N. W., McGraw, P. V., & Johnston, A. (2011). Visual Mo?on Induces a Forward Predic?on 
of Spa?al Pa'ern. Current Biology, 21(9), 740–745. 
h'ps://doi.org/10.1016/j.cub.2011.03.031 



MOTION EXTRAPOLATION IN THE FLASH-LAG EFFECT  
 
 

 
 

55 

Rosenbaum, D. A. (1975). Percep?on and extrapola?on of velocity and accelera?on. Journal of 
Experimental Psychology: Human Percep<on and Performance, 1(4), 395–403. 
h'ps://doi.org/10.1037/0096-1523.1.4.395 

Sarich, D., Chappell, M., & Burgess, C. (2007). Dividing a'en?on in the flash-lag illusion. Vision 
Research, 47(4), 544–547. h'ps://doi.org/10.1016/j.visres.2006.09.029 

Schmolesky, M. T., Wang, Y., Hanes, D. P., Thompson, K. G., Leutgeb, S., Schall, J. D., & Leventhal, 
A. G. (1998). Signal Timing Across the Macaque Visual System. Journal of 
Neurophysiology, 79(6), 3272–3278. h'ps://doi.org/10.1152/jn.1998.79.6.3272 

Schneider, M., Marquardt, I., Sengupta, S., Mar?no, F. D., & Goebel, R. (2019). Mo<on Displaces 
Popula<on Recep<ve Fields in the Direc<on Opposite to Mo<on (p. 759183). bioRxiv. 
h'ps://doi.org/10.1101/759183 

Schwartz, G., Taylor, S., Fisher, C., Harris, R., & Berry, M. J. (2007). Synchronized Firing among 
Re?nal Ganglion Cells Signals Mo?on Reversal. Neuron, 55(6), 958–969. 
h'ps://doi.org/10.1016/j.neuron.2007.07.042 

Scocchia, L., Grosso, R. A., de’Spera?, C., Stucchi, N., & Baud-Bovy, G. (2009). Observer’s control 
of the moving s?mulus increases the flash-lag effect. Vision Research, 49(19), 2363–
2370. h'ps://doi.org/10.1016/j.visres.2009.06.023 

Shen, H., Shimodaira, Y., & Ohashi, G. (2003). Effects of temporal frequency on speed 
discrimina?on and perceived speed. Proceedings of the Interna<onal Joint Conference on 
Neural Networks, 2003., 1, 188–193. h'ps://doi.org/10.1109/IJCNN.2003.1223336 

Smeets, J. B. J., & Brenner, E. (1995a). Percep?on and ac?on are based on the same visual 
informa?on: Dis?nc?on between posi?on and velocity. Journal of Experimental 
Psychology: Human Percep<on and Performance, 21(1), 19–31. 
h'ps://doi.org/10.1037/0096-1523.21.1.19 

Smeets, J. B. J., & Brenner, E. (1995b). Predic?on of a moving target’s posi?on in fast goal-
directed ac?on. Biological Cyberne<cs, 73(6), 519–528. 
h'ps://doi.org/10.1007/BF00199544 

Smith, A. T., & Edgar, G. K. (1990). The influence of spa?al frequency on perceived temporal 
frequency and perceived speed. Vision Research, 30(10), 1467–1474. 
h'ps://doi.org/10.1016/0042-6989(90)90027-I 



CHAPTER 2 
 
 

 
 
56 

Snowden, R. J., S?mpson, N., & Ruddle, R. A. (1998). Speed percep?on fogs up as visibility 
drops. Nature, 392(6675), 450–450. h'ps://doi.org/10.1038/33049 

Stocker, A. A., & Simoncelli, E. P. (2006). Noise characteris?cs and prior expecta?ons in human 
visual speed percep?on. Nature Neuroscience, 9(4), 578–585. 
h'ps://doi.org/10.1038/nn1669 

Stone, L. S., & Thompson, P. (1992). Human speed percep?on is contrast dependent. Vision 
Research, 32(8), 1535–1549. h'ps://doi.org/10.1016/0042-6989(92)90209-2 

Subramaniyan, M., Ecker, A. S., Patel, S. S., Co'on, R. J., Bethge, M., Pitkow, X., Berens, P., & 
Tolias, A. S. (2018). Faster processing of moving compared with flashed bars in awake 
macaque V1 provides a neural correlate of the flash lag illusion. Journal of 
Neurophysiology, 120(5), 2430–2452. h'ps://doi.org/10.1152/jn.00792.2017 

Sundberg, K. A., Fallah, M., & Reynolds, J. H. (2006). A mo?on-dependent distor?on of 
re?notopy in area V4. Neuron, 49(3), 447–457. 
h'ps://doi.org/10.1016/j.neuron.2005.12.023 

The MathWorks Inc. (2017). MATLAB version R2017b [Computer soVware]. The MathWorks Inc. 
h'ps://mathworks.com/ 

Thompson, P. (1982). Perceived rate of movement depends on contrast. Vision Research, 22(3), 
377–380. h'ps://doi.org/10.1016/0042-6989(82)90153-5 

Thompson, P., Brooks, K., & Hamme', S. T. (2006). Speed can go up as well as down at low 
contrast: Implica?ons for models of mo?on percep?on. Vision Research, 46(6–7), 782–
786. h'ps://doi.org/10.1016/j.visres.2005.08.005 

Treue, S., Snowden, R. J., & Andersen, R. A. (1993). The effect of transiency on perceived 
velocity of visual pa'erns: A case of “temporal capture.” Vision Research, 33(5), 791–
798. h'ps://doi.org/10.1016/0042-6989(93)90198-6 

Vaziri-Pashkam, M., & Cavanagh, P. (2008). Apparent speed increases at low luminance. Journal 
of Vision, 8(16), 1–12. h'ps://doi.org/10.1167/8.16.9 

Vaziri-Pashkam, M., & Cavanagh, P. (2011). Effect of Speed Overes?ma?on on Flash-Lag Effect at 
Low Luminance. I-Percep<on, 2(9), 1063–1075. h'ps://doi.org/10.1068/i0435 

Vreven, D., & Verghese, P. (2005). Predictability and the Dynamics of Posi?on Processing in the 
Flash-Lag Effect. Percep<on, 34(1), 31–44. h'ps://doi.org/10.1068/p5371 



MOTION EXTRAPOLATION IN THE FLASH-LAG EFFECT  
 
 

 
 

57 

Whitney, D., & Murakami, I. (1998). Latency difference, not spa?al extrapola?on. Nature 
Neuroscience, 1(8), 656–657. h'ps://doi.org/10.1038/3659 

Whitney, D., Murakami, I., & Cavanagh, P. (2000). Illusory spa?al offset of a flash rela?ve to a 
moving s?mulus is caused by differen?al latencies for moving and flashed s?muli. Vision 
Research, 40(2), 137–149. h'ps://doi.org/10.1016/S0042-6989(99)00166-2 

Wojtach, W. T., Sung, K., Truong, S., & Purves, D. (2008). An empirical explana?on of the flash-
lag effect. Proceedings of the Na<onal Academy of Sciences, 105(42), 16338–16343. 
h'ps://doi.org/10.1073/pnas.0808916105 

 
  

 

 

 



 
 

 
 
58 

 
  



 
   

 
 

59 

CHAPTER 3 
 

When visual a*en,on is divided in the flash-lag effect 
 
This chapter is based on the work submi'ed to the Journal of Vision (Yook, Hogendoorn et al., in 
press). Forma�ng has been adapted to suit the thesis.  
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Abstract 
 
The flash-lag effect (FLE) occurs when a flash’s position appears delayed relative to a continuously 
moving object, even though both are physically aligned. While several studies have 
demonstrated that reduced attention increases FLE magnitude, the precise mechanism 
underlying these attention-dependent effects remains elusive. In this study, we investigated the 
influence of visual attention on the FLE by manipulating the level of attention allocated to 
multiple stimuli moving simultaneously in different locations. Participants were cued to either 
focus on one moving stimulus or split their attention among two, three, or four moving stimuli 
presented in different quadrants. We measured trial-wise FLE to explore potential changes in the 
magnitude of perceived displacement and its trial-to-trial variability under different attention 
conditions. Our results reveal that FLE magnitudes were significantly larger when attention was 
divided among multiple stimuli compared to when attention was focused on a single stimulus, 
suggesting that divided attention considerably augments the perceptual illusion. However, FLE 
variability, measured as the coefficient of variation, did not differ between conditions, indicating 
that the consistency of the illusion is unaffected by divided attention. We discuss the 
interpretations and implications of our findings in the context of widely accepted explanations of 
the FLE within a dynamic environment.  
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1. Introduc8on 
 
A'en?on is crucial in how we process and represent informa?on in our visual environment. For 
dynamic informa?on, a'en?on may be essen?al for upda?ng and maintaining coherent 
representa?ons of moving objects (Iordanescu et al., 2009; Kerzel, 2003). When a'en?on is 
limited, however, perceptual biases and illusions, such as the displacement in an object’s posi?on 
due to its mo?on or the mo?on of other objects, can be significantly altered. 
 
One such illusion is the flash-lag effect (FLE). The FLE occurs when a sta?c flash appears next to a 
con?nuously moving object, leading to a perceived spa?al offset between their posi?ons despite 
their physical alignment at the moment of the flash (Nijhawan, 1994). Specifically, the flash is 
misperceived as lagging behind the moving object. Although several studies have demonstrated 
that the alloca?on of a'en?on modulates the magnitude of the FLE, the precise mechanism 
underlying such a'en?on-dependent effects remains elusive. Addi?onally, the rela?onship 
between a'en?on and (in)variability of moving objects’ perceived posi?ons is not well 
understood.  
 
Sarich et al. (2007) employed a dual-task paradigm to compare the magnitude of the FLE in a 
flash-lag task performed alone or concurrently with a target detec?on task. They found that the 
FLE, measured as a point of subjec?ve equality, was smallest when the flash-lag task was 
performed separately or with a slight interval from the detec?on task. Notably, when another 
task required simultaneous a'en?on, the magnitude of the FLE increased, and detec?on 
worsened. This complements observa?ons regarding the phenomenon of representa?onal 
momentum (Freyd & Finke, 1984), where the perceived final posi?on of a moving object is shiVed 
forward in the direc?on of an?cipated mo?on and increases with divided a'en?on (Hayes and 
Freyd, 2002). 
 
Shioiri et al. (2010) manipulated a'en?on by varying the number of moving s?muli and 
presen?ng the flash next to one of these s?muli. They observed an increase in the FLE when 
a'en?on was divided among two or six s?muli and a decrease when a'en?on was focused solely 
on one s?mulus. Conversely, when par?cipants were pre-cued to the upcoming loca?ons of either 
the moving object or the flash, the FLE reduced following valid cues compared to invalid (Baldo 
& Klein, 2010; Namba & Baldo, 2004; Vreven & Verghese, 2005; but see Khurana et al., 2000) or 
no cues (Shioiri et al., 2010). This pa'ern was also reported regarding representa?onal 
momentum (Hubbard et al., 2009).  
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However, in tasks involving mul?ple object tracking (Pylyshyn & Storm, 1988), which requires 
precise localiza?on of targets among other moving objects, divided a'en?on has been shown to 
increase errors in extrapola?ng predictable mo?on trajectories (Adamian & Andersen, 2022; 
Howe & Holcombe, 2012; Luu & Howe, 2015; Zhong et al., 2014). These varying effects of reduced 
a'en?on across different illusions and paradigms underscore the complexity of how a'en?on 
influences the representa?on of moving objects and the need to disentangle the specific 
mechanisms underlying these effects. Therefore, the present study inves?gated whether 
a'en?on not only influences the strength of perceptual illusions like the FLE but also affects the 
quality of representa?on, such as spa?al resolu?on (Anton-Erxleben & Carrasco, 2013; Barbot & 
Carrasco, 2017; Yeshurun & Carrasco, 1998, 1999).  
 
To this end, we examined whether divided a'en?on affects the magnitude or the trial-to-trial 
variability of the FLE using trial-wise spa?al cues. Previous studies oVen used s?muli grouped as 
a single moving object (e.g., dots arranged in a line; Baldo & Klein, 1995; Krekelberg & Lappe, 
1999) or mul?ple objects following the same mo?on trajectory (e.g., dots revolving in a circular 
path; Khurana et al., 2000; Shioiri et al., 2010), which could introduce grouping effects. In contrast, 
our study employed objects characterized by independent mo?on trajectories to minimize such 
effects.  
 
In our novel experimental paradigm, par?cipants viewed an array of iden?cally appearing bars 
presented in different loca?ons. A cue preceding each trial indicated which bar(s) par?cipants 
should track. While all bars rotated simultaneously, par?cipants were required to covertly track 
the moving bar in the cued quadrant(s) of the display. Importantly, the perceptual configura?on 
remained the same whether a'en?on was focused on a single bar or divided across two, three, 
or four bars. During each trial, a target flash was presented next to one of the bars, and 
par?cipants were instructed to indicate the posi?on of the corresponding bar at the ?me of the 
flash. We compared the effects of divided a'en?on to focused a'en?on on both FLE magnitude 
and consistency (trial-to-trial variability of the FLE).  
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2. Materials and Methods 
 
2.1 Par2cipants 
 
Twenty-six healthy adults were recruited from the Forschungszentrum Jülich to par?cipate in the 
experiment. Two par?cipants were excluded due to insufficient data quality (see sec?on 2.5 for 
details), resul?ng in data from 24 par?cipants (15 female, 9 male, age [M: 28.8 years, SD: 4 years], 
range 21–40 years) being included in the final analysis. The sample size was determined by a 
preliminary power calcula?on for a desired medium effect size (Cohen’s f = 0.25) with a power of 
80% and an alpha level of 0.05 for a repeated-measures analysis of variance (ANOVA). All 
par?cipants were fluent in spoken and wri'en English, had normal or corrected-to-normal visual 
acuity, and had no neurological or psychiatric disorders. Handedness was not a selec?on criterion; 
par?cipants self-reported their handedness preferences (19 right-handed, 5 leV-handed). All 
par?cipants provided informed wri'en consent and received compensa?on of 10 Euros per hour 
for their par?cipa?on. This study was conducted in accordance with the Declara?on of Helsinki 
and approved by the ethics commi'ee of the German Psychological Society (DGPs) (Ethics ID: 
2022-02-03VA). 
 
2.2 Apparatus 
 
Visual s?muli were generated using Psychopy 3.0 (Peirce, 2007, 2009) and presented on a 22-inch 
Samsung SyncMaster 2233RZ LCD monitor with a resolu?on of 1680 x 1050 pixels and a refresh 
rate of 120 Hz (as outlined in Wang & Nikolic, 2011). A chinrest was used to stabilize the head and 
maintain a viewing distance of 70 cm, with the center of the screen approximately at eye level. A 
standard QWERTY keyboard was posi?oned below the chinrest and not visible from the 
par?cipants’ field of view, with the leV hand on the space bar and the right hand on the arrow 
keys. The experiment was conducted in a soundproof, light-a'enuated room.  
 
2.3 S2muli 
 
A white fixa?on cross, subtending 0.5° x 0.5° of visual angle (dva), was con?nuously displayed at 
the center of a black background. The spa?al cue consisted of one, two, three, or four yellow dots 
(radius = 0.15 dva) presented at the corners of the central fixa?on cross, indica?ng the quadrant(s) 
where the target flash could occur. Every possible combina?on of dots was realized (e.g., for two 
quadrants, two dots on the leV, right, upper, lower, or diagonal quadrants).  
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The moving s?muli consisted of four gray bars, each rota?ng smoothly around the center of its 
respec?ve quadrant at an angular velocity of 240°/s. Each bar measured 0.13 x 6.04 dva, with its 
inner end posi?oned at 9.98 dva from the central fixa?on. On one end of each bar was a small 
dot (radius = 0.13 dva) used to indicate the bar’s posi?on rela?ve to the target flash. The target 
was a red dot of the same size (radius = 0.13 dva) and was always posi?oned at 0.8 dva from the 
bar’s dot end.  
 
2.4 Procedure 
 
In each trial, par?cipants were instructed to fixate on the central fixa?on cross for the dura?on of 
the s?mula?on sequence (Figure 1A). A'en?on cues were displayed for 600 ms, poin?ng to the 
quadrant(s) to be a'ended. These cues pointed to the quadrant but not the specific posi?on 
within the quadrant where the target was likely to appear in the upcoming display.  
 
AVer a 500-ms interval, allowing par?cipants to covertly orient their a'en?on to the cued 
quadrant(s), an array of four rota?ng bars was presented around the central fixa?on cross. The 
bars rotated in either a clockwise or counter-clockwise direc?on, alterna?ng randomly across 
trials. Each bar started from a unique orienta?on, chosen from one of 16 uniformly distributed 
orientations. This configura?on allowed the bars to rotate along independent mo?on trajectories 
despite their shared direc?on of mo?on.  
 
Periodically aVer 850, 1000, or 1150 ms (chosen at random), the target briefly flashed (25 ms) 
next to one of the bars. AVer the target offset, the bars con?nued to rotate for an addi?onal 1150, 
1000, or 850 ms (for a total dura?on of 2000 ms). Par?cipants’ task was to indicate the 
instantaneous posi?on of the cued bar at the ?me of the flash on a circular response probe.  
 



DIVIDED ATTENTION IN THE FLASH-LAG EFFECT 
 

   

 
 

65 

 
Figure 1. Experimental paradigm. (A) Trial sequence. Spa?al a'en?on cues were presented at the 
central fixa?on cross to indicate that the par?cipants should orient their a'en?on to the 
upcoming display, featuring an array of four rota?ng bars (not drawn to scale) in corresponding 
quadrants. The target flashed next to a bar aVer half the ?me of the overall sequence. Here, a 
target is presented at a cued quadrant, but some?mes the target appeared at a non-cued 
quadrant (see text for details). Following the sequence, a response ring was presented un?l 
par?cipants made a response. The subsequent trial began aVer an inter-trial interval of 500 ms. 
Each trial lasted up to 8 s. (B) Procedure ?meline. Par?cipants performed at least 30 prac?ce trials 
for task familiariza?on, followed by four blocks of 105 trials, totaling 420 trials over approximately 
one hour, including eye-tracking. Each block comprised trials from all four a'en?on condi?ons 
and every combina?on of cue-target configura?ons with equal probability. The order of trials was 
randomized within the block.  
 

A

B

Practice	
30 trials

Block 1	
105 trials

Eye-tracking

~1 hour

Block 2	
105 trials

Block 3	
105 trials

Block 4	
105 trials

ITI
500 ms

Cue
600 ms

Fixation
500 ms

Bars rotate
850, 1000, 1150 ms

Bars rotate
850, 1000, 1150 ms

Target flash
360 ms

Response
up to 5000 ms

time

2000ms
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The response probe comprised a ring of 60 small grey dots (each dot radius = 0.13 dva) – whose 
diameter was equal to the length of a bar. To perform the task, par?cipants navigated the ring 
using the leV and right arrow keys to select their perceived posi?on of the bar’s dot end displayed 
on the ring.  
 
The star?ng posi?on on the ring randomly varied from trial to trial, which introduced an inherent 
variability in how quickly par?cipants could accurately respond, resul?ng in longer response ?mes 
(RTs) when the distance from the desired posi?on was greater. While RT is a common measure in 
similar paradigms (see Khurana et al., 2000), we did not analyze RTs for the current experiment. 
Instead, par?cipants were instructed to respond within a 5000-ms window, focusing on accuracy 
rather than speed. A response was registered when the enter key was pressed. The subsequent 
trial began aVer an inter-trial interval (ITI) of 500 ms. 
 
Importantly, since the target and its corresponding bar were presented in alignment, the 
perceived displacement of the s?mulus posi?ons in the direc?on of mo?on, or the lack thereof, 
directly determined the FLE for each trial. This method contrasts with the conven?onal approach 
of averaging offsets based on the point of subjec?ve equality across blocks within a specific 
condi?on (cf. Yook et al., 2022).  
 
The probe loca?on corresponded to the quadrant where the target had been presented in the 
previous display, elimina?ng the need for par?cipants to addi?onally report the target’s quadrant 
in each trial. However, the cue-target validity varied across trials. Specifically, the target appeared 
in the cued quadrant(s) 90% of the ?me. In the remaining 10% of trials, termed “catch trials”, the 
target appeared in a non-cued quadrant, and par?cipants were instructed to press the space bar 
without indica?ng the bar’s posi?on with the response probe. Catch trials ensured par?cipants’ 
a'en?on to the cues. Incorrect responses, such as responding using the probe in catch trials or 
pressing the space bar in non-catch trials, prompted feedback, “Please ATTEND TO THE CUES as 
they are helpful”, at fixa?on for 1000 ms. No feedback on behavioral performance was given 
otherwise. 
 
The task was organized into four blocks, each consis?ng of 105 trials (96 non-catch trials and 9 
catch trials; Figure 1B), totaling 420 trials conducted over approximately one hour. Each trial 
lasted up to 8 s. Every possible combina?on of cue-target configura?ons appeared within each 
block with equal probability. Par?cipants underwent four a'en?on condi?ons, and the order of 
trials was randomized within each block. To minimize fa?gue, par?cipants were instructed to take 
regular self-paced breaks between blocks and between every ~5–10 mins within a given block, as 
indicated by a break screen. 
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Before the main experiment, par?cipants completed at least 30 prac?ce trials to familiarize 
themselves with the task. Upon comple?on of the experiment, par?cipants were debriefed about 
the study’s purpose related to the FLE. None of the par?cipants reported being aware that the 
posi?ons of the a'ended bar and target were aligned. 
 
2.5 Data quality assessment 
 
Data from par?cipants who failed to iden?fy at least 75% of catch trials were excluded from the 
analysis to mi?gate poten?al non-compliance with task instruc?ons and task ar?facts. This 
criterion ensured par?cipants’ adherence to a'ending to the cued bar(s), as instructed. Data from 
two par?cipants who detected an average of 2.5 catch trials (SD: 3.5) out of 36 throughout the 
experiment were excluded. Addi?onally, incorrectly responded non-catch trials were excluded. 
Among the remaining 24 par?cipants, who on average detected 33.3 catch trials (SD: 2.4), data 
from an average of 379 correct non-catch trials (min: 371, max: 384, SD: 3.8) were available for 
analysis. 
 
2.6 Behavioral analysis 
  
Behavioral data were pre-processed using Python 3.5 (Van Rossum & Drake, 2009) within the 
Anaconda environment (Anaconda Inc., 2016) and analyzed in R Sta?s?cal SoVware v4.3.1 (R Core 
Team, 2023) with custom scripts.  
 
During each trial, par?cipants were instructed to direct their a'en?on towards a single moving 
bar (focused a'en?on condi?on) or spread their a'en?on between two, three, or four bars 
(divided a'en?on condi?ons: a'end-to-two, -three, or -four). The FLE for each trial was 
determined by indexing the magnitude of the difference between the actual posi?on of the target 
and the par?cipant’s chosen posi?on of the bar. A value of zero indicated no perceived difference 
between the posi?ons of the two s?muli. Posi?ve values indicated a flash-lag effect, where the 
moving bar was perceived as ahead of the flash. Conversely, nega?ve values indicated a flash-
lead effect, where the flash was perceived as ahead of the moving bar.  
 

2.6.1 Assessment of magnitude 
 
The FLE values were aggregated to compute the median FLE magnitudes for each condi?on of 
each par?cipant. We then compared these medians between the focused and divided a'en?on 
condi?ons using a repeated-measures ANOVA using the four-level factor a;en<on, with the ez 
package (Lawrence, 2016) in R. Following the ANOVA, we performed paired-sample t-tests to test 
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the hypotheses that there would be significant differences in FLE magnitudes between focused 
a'en?on and divided a'en?on condi?ons, as well as between the various divided a'en?on 
condi?ons 
 
To account for mul?ple comparisons, sta?s?cally significant differences were determined based 

on a threshold of 𝑝 = !.!#
$	–	'($)	*	+

 (one-tailed), adjus?ng for familywise error rate (FWE) using the 

Holm-Bonferroni correc?on (Holm, 1979). Greenhouse-Geisser correc?ons were applied when 
Mauchly’s test indicated a viola?on of sphericity.  
 
To handle poten?al outliers, FLE values exceeding 3 standard devia?ons from the mean FLE values 
were iden?fied and excluded. Analyses were performed both including and excluding outliers; 
however, no significant differences were observed when outliers were excluded. Therefore, the 
reported results include outliers, with descrip?ve sta?s?cs shown in Supplementary Materials, 
Figure S1.1 to provide a more comprehensive insight into the distribu?on of the FLE values. To 
validate our findings against non-normality assump?ons, we employed a Friedman’s test as a non-
parametric alterna?ve. The results of the Friedman’s test aligned with those of the repeated-
measures ANOVA. 
 
2.6.2 Assessment of variability  
 
In order to examine whether the distribu?on of FLE magnitudes became more variable with 
divided a'en?on, the same procedure was repeated using the coefficient of varia?on (CV), 
calculated by dividing the standard devia?on by the absolute mean of each condi?on of each 
par?cipant. This allowed for comparing trial-to-trial variability across par?cipants that vary widely 
in magnitude, by offering a rela?ve measure of variability for comparing individuals.  
 
2.7 Eye-tracking recording and analysis  
 
We monitored eye movements using an infrared EyeLink 1000 Plus (SR Research Ltd., Mississauga, 
Canada) system at a sampling rate of 1000 Hz to evaluate how well par?cipants had maintained 
fixa?on during the s?mula?on sequence of each trial. At the beginning of the experiment, the 
eye tracker was calibrated with a 5-point calibra?on procedure to establish an accurate gaze 
posi?on of the leV eye. Acceptable calibra?on values had to meet the valida?on criterion of < 0.5 
dva and maximum error of < 1.5 dva. Due to technical issues, eye-tracking data was not recorded 
for 12 par?cipants, and two addi?onal datasets were incomplete, yielding 10 analyzable datasets. 
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Eye-tracking data were pre-processed and analyzed in R using the eyelinker package (Barthelme, 
2021) and custom scripts. Fixa?ons and saccades were determined from the raw gaze posi?on 
data using Eyelink’s default event parser. A fixa?on was defined as an event las?ng at least 100 
ms, allowing devia?on of 1-dva radius from the central fixa?on cross. Saccades were iden?fied 
using a velocity threshold of 30°/s and accelera?on threshold of 8000°/s2. Eye-blink events were 
excluded.  
 
Across a'en?on condi?ons, we examined the propor?on of fixa?on ?me par?cipants spent on 
the central fixa?on cross rela?ve to the overall ?me during each of three dis?nct phases of a trial, 
wherein par?cipants were instructed to maintain fixa?on:  
 
1. During the cue presenta?on (cue) las?ng 600 ms, 
2. Immediately aVer the cue offset (orient) las?ng 500 ms, and  
3. Before and aVer the target presenta?on (target), with a combined dura?on of 2000 ms.  
 
Differences in the propor?on of fixa?on between the different a'en?on condi?ons were analyzed 
with a repeated-measures ANOVA using the four-level factor a;en<on. 
 
2.8 Data and code availability 
 
All experiment and analysis scripts are publicly available at h'ps://osf.io/5pn9s/. 
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3. Results 
 
3.1 Fixa2on controlled under all a<en2on condi2ons 
 
The propor?ons of fixa?on ?me across various phases of the experiment (cue, orient, and target) 
are presented in Figure 2.  
 

 
Figure 2. Individual propor?ons of fixa?on ?me across various phases of the experiment (cue, 
orient, and target), collapsed across a'en?on condi?ons. Here shown are 10 par?cipants whose 
eye-tracking data met the criteria for data quality. Note the fixa?on dura?on may be influenced 
by interrup?ons such as blinks, signal fallout, or saccades. These events were ini?ally iden?fied 
and removed ahead of the fixa?on control analysis.  
 
We performed a repeated-measures ANOVA to compare the propor?on of fixa?on between 
different a'en?on condi?ons within each phase. There were no significant differences in fixa?on 
across cue (one-way ANOVA, a;en<on: F(3, 27) = 0.7, p = 0.5), orient (one-way ANOVA, a;en<on: 
F(3, 27) = 0.5, p = 0.7), or target phases (one-way ANOVA, a;en<on: F(3, 27) = 0.4, p = 0.8). Overall, 
these results indicate that par?cipants consistently maintained a high degree of central fixa?on, 
regardless of whether their a'en?on was focused on a single quadrant or divided across mul?ple 
quadrants. 
 
3.2 A<en2onal modula2on of FLE magnitude, but not trial-to-trial variability 
 
Par?cipants reported the perceived posi?on of a moving bar, which was compared to its physical 
posi?on. This task assessed the flash-lag effect (FLE), where the difference between the physical 
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and perceived (reported) posi?on of the bar at the ?me of the flash indicates the magnitude of 
the illusion. We analyzed FLE magnitudes, calculated as the average of individual medians, across 
different a'en?on condi?ons, as shown in Figure 3A. 
 

 
Figure 3. FLE results. (A) FLE magnitudes as a func?on of number of a'ended moving bars. All 
values are reported as means ± within-subject standard error of the mean (S.E.M., error bars). ns 
(not significant) denotes p > 0.05, ** denotes p < 0.01, *** denotes p < 0.001. (B) The same 
described in A but for FLE variability (coefficient of varia?on). 
 
The illusion was prominent across all a'en?on condi?ons, averaging between 15-20° (see 
Supplementary Materials, Table S1.2). Overall, one-way ANOVA revealed a significant effect of 
a'en?on on the FLE magnitude (F(3, 69) = 9.2, p < 0.001). Specifically, the mean FLE magnitudes 
were significantly larger in divided a'en?on condi?ons (two to four bars) compared to the 
focused a'en?on condi?on (one bar), as detailed in Table 1. 
 
Table 1. 
Paired-sample t-tests (one-tailed) results with correc?on for mul?ple comparisons for FLE 
magnitude.  
 

Pair FLE Magnitude 

t23 p 

1 vs 2 -3.9  < 0.01 
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1 vs 3 -4.3  < 0.01 

1 vs 4 -5.2 < 0.001 

2 vs 3 -0.4 1 

2 vs 4 -0.3 1 

3 vs 4 0.3 1 

 
Figure 3B (see also Supplementary Materials, S2) depicts a contras?ng pa'ern in trial-to-trial FLE 
variability, as measured as the coefficient of varia?on (CV), with a larger CV in focused a'en?on 
than in divided a'en?on condi?ons. However, no significant differences emerged across 
condi?ons (one-way ANOVA, a;en<on: F(3, 69) = 1.9, p = 0.1). Notably, the CVs exceeding 100% 
indicate a high degree of variability of FLE values rela?ve to their mean, sugges?ng that the FLE 
values varied widely within par?cipants (see also Supplementary Materials, Figure S1.1). 
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4. Discussion 
 
In this study, we aimed to inves?gate how divided a'en?on affects the perceived posi?on of a 
moving object compared to a physically aligned sta?c flash within the context of the FLE. The FLE 
is a well-documented illusion where a flash, when presented next to a moving object, appears to 
lag behind the moving object despite both being physically aligned. We found that FLE magnitude 
was augmented under divided a'en?on condi?ons compared to focused a'en?on. However, FLE 
variability across trials did not differ significantly between any of the a'en?on condi?ons. 
 
Par?cipants viewed an array of four independently moving objects in dis?nct quadrants of the 
display during each trial. A'en?on was manipulated using spa?al cues that directed par?cipants 
to either focus on a single quadrant or to distribute a'en?on across two, three, or four quadrants. 
This design allowed us to systema?cally compare FLE magnitude and trial-to-trial variability under 
different a'en?onal loads. To ensure accurate alloca?on of a'en?on, we included catch trials to 
verify that par?cipants adhered to the provided cues. Subsequently, excluding catch responses 
from the analysis was crucial for differen?a?ng between genuine a'en?onal effects and poten?al 
confounding effects from incorrect cue compliance (see details below).  
 
Our results revealed a clear effect of a'en?on on the magnitude of the FLE. When a'en?on was 
divided among mul?ple moving objects in different quadrants, FLE magnitudes increased 
significantly compared to when a'en?on was focused on a single object. This finding aligns with 
previous studies (Namba & Baldo, 2004; Sarich et al., 2007; Shioiri et al., 2010) and is 
strengthened by our larger sample size (N = 24 compared to 15, 14, and 5, respec?vely) and a 
trial-wise measure of the FLE, which provides a more precise and nuanced understanding of the 
illusory effect. Interes?ngly, FLE variability did not show significant differences across the various 
a'en?on condi?ons. These results suggest that while divided a'en?on in the FLE amplifies the 
FLE magnitude, it does not necessarily lead to greater variability in representa?ons from trial to 
trial compared to focused a'en?on. However, it is important to note that the individual 
distribu?ons of the FLE values contributed to large coefficients of varia?on (CV).  
 
Moreover, the increase in FLE magnitude was significant only when shiVing from one object to 
mul?ple objects, with no further increases when a'en?on was distributed among two, three, or 
four objects. This pa'ern is consistent with Shioiri et al.’s (2010) findings, which involved up to six 
dots arranged in a circle. By contrast, Hogendoorn et al. (2010) observed a gradual increase in FLE 
magnitude, measured as ?me, with a step-wise increase in FLE variability from one to two clocks, 
with no further increases beyond that. This suggests a satura?on effect at the condi?on where 
a'en?on was focused on two objects, indica?ng that further dividing a'en?on did not 
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significantly impact the FLE under highly divided-a'en?on condi?ons (Howe & Holcombe, 2012; 
Luu & Howe, 2015).  
 
Two possible explana?ons arise from these observa?ons. Firstly, as proposed by Shiori et al. 
(2010), the satura?on effect may relate more to the spa?al spread of a'en?on than to the 
number of a'ended objects. For instance, Khurana et al. (2000) observed no changes in FLE 
magnitudes when one of two possible flash loca?ons (either above or below the fixa?on point) 
was cued, similar to our study. This suggests that the effect of a'en?on may not follow a 
straighsorward pa'ern but is highly dependent on task complexity (Khurana et al., 2000; Shioiri 
et al., 2010). Secondly, a'en?onal resources might be constrained by hemifield (Alvarez & 
Cavanagh, 2005; Luck et al., 1989) or even by quadrants (Carlson et al., 2007, 2011). If each 
quadrant has a limited a'en?onal capacity, further dividing a'en?on might not affect the 
representa?on of addi?onal moving objects in extra quadrants. This could account for the 
devia?ons noted in our analysis of anisotropies (see Supplementary Materials, S3) and the 
discrepancies observed in Khurana et al. (2000), where no addi?onal a'en?onal modula?on was 
found compared to other FLE studies considered here. Future research could explore these 
mechanisms of a'en?onal satura?on by manipula?ng perceptual load, such as varying the 
number of s?muli (> 1) within each quadrant or adjus?ng their eccentrici?es (Baldo et al., 2002). 
Addi?onally, exploring the impact of mo?on speed (Shioiri et al., 2010) could further provide 
insights into whether increased a'en?on is needed to track faster mo?on (cf. Yook et al., 2022), 
poten?ally influencing FLE magnitude to a greater extent than observed here. 
 
Our findings align with several prominent theore?cal accounts of the FLE, including theories of 
sequen?al processing including temporal integra?on (Krekelberg & Lappe, 1999, 2000), discrete 
sampling percep?on (Schneider, 2018), a'en?on shiVing (Baldo & Klein, 1995), and postdic?on 
(Brenner & Smeets, 2000; Eagleman & Sejnowski, 2000). For specific details of each of these 
theories, readers are referred to Hogendoorn (2020), Holcombe and Corbe' (2023), Hubbard 
(2014), and Schneider (2018). Arguably, when a'en?on is divided, the brain has fewer resources 
to process each object’s mo?on trajectory, reducing informa?on processing speed. This may 
contribute to increased delays in the visual system’s ability to extract relevant mo?on and posi?on 
informa?on for each object, as the brain needs to switch between mul?ple objects, including the 
flash. This delay in processing ?me results in a more considerable latency difference between the 
moving objects and the flash, augmen?ng the FLE.  
 
Under the predic?ve mo?on explana?on theory (Nijhawan, 1994), these compounded delays 
across mul?ple objects may necessitate more compensa?on, thereby increasing the FLE 
magnitude. The brain might overcompensate if it priori?zes efficiency over accuracy when 
processing mul?ple moving objects under dynamic condi?ons, such as in this experiment. In 
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principle, this would allow the brain to simultaneously monitor and update representa?ons of 
mul?ple objects, even when sensory informa?on is delayed. According to this interpreta?on, the 
a'en?on-dependent effects of perceptual biases and illusions outlined in the Introduc?on can 
be reconciled. When a'en?on is reduced in representa?onal momentum and the FLE, the visual 
system may rely more heavily on exis?ng predic?ons rather than on slowly-arriving sensory input, 
enhancing the perceived forward displacement in moving objects. In contrast, reduced a'en?on 
results in decreased extrapola?on during mul?ple object tracking. This occurs because the task 
requires con?nuous and precise tracking of several objects, and the brain cannot allocate enough 
resources to accurately predict each object's mo?on trajectory, leading to less effec?ve 
extrapola?on. Hence, the impact of reduced or divided a'en?on varies depending on the nature 
of the task. While our findings are open to interpreta?on, we believe our findings contribute to 
this body of evidence by revealing the role of a'en?on in efficiently processing mul?ple moving 
objects in dynamic environments. By contrast, our findings do not seem to align with the 
differen?al processing latencies theory (Whitney et al., 2000; Whitney & Murakami, 1998), which 
would predict that as moving objects are processed faster than sta?c objects, divided a'en?on 
would lead to a smaller processing latency difference between the two and a smaller FLE 
magnitude. 
 
Taken together, these results suggest that, in the context of the FLE, a'en?on primarily influences 
the rate at which events are processed within the visual system, rather than the quality of 
processing. While overall percep?on is certainly impacted by the quality of representa?on, the 
FLE appears to be more a result of how the visual system effec?vely manages highly a'en?on-
demanding and dynamic environments. This suggests that when a'en?onal resources are divided 
among mul?ple moving objects, delays in accessing relevant informa?on may accumulate 
(Carrasco & McElree, 2001; Giordano et al., 2009), leading to slower recogni?on of mo?on and 
delayed availability of posi?on informa?on for each object. 
 
An alterna?ve interpreta?on is that a'en?on affects the an?cipatory processing of the flash 
(Baldo et al., 2002; Vreven & Verghese, 2005), poten?ally reducing the latency difference 
between the flash and the moving object when a'en?on is focused. Although it is challenging to 
rule out an effect of divided a'en?on on the flash, this alone is unlikely to account for our results. 
This interpreta?on would also predict increased FLE magnitudes with divided a'en?on, but it 
assumes that par?cipants might an?cipate the flash even without explicit cues. Previous studies 
(Baldo et al., 2002; Sarich et al., 2007; Shioiri et al., 2010; Vreven & Verghese, 2005) may have 
been confounded by this. However, our study’s use of catch trials reduces the likelihood that 
par?cipants were simply wai?ng for the flash. If par?cipants had been passively an?cipa?ng the 
flash, then they would have reported the FLE regardless of the a'en?onal cues. Our data show 
that par?cipants did no?ce the flash when it appeared next to a non-cued bar, sugges?ng that 
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they did not merely wait for the flash on every trial. While our analyses concentrated on correctly 
responded non-catch trials, future research could include a separate condi?on for catch trials. A 
lack of discernable difference in FLE magnitudes between catch and non-catch condi?ons would 
strongly suggest that the changes observed were primarily driven by the flash itself. This would 
offer further insights into how a'en?on affects the representa?on of moving objects rather than 
the detec?on of the flash.  
 
In conclusion, the experiment reported here is the first to manipulate a'en?on in the flash-lag 
paradigm combining conven?onal a'en?onal cueing with divided a'en?on procedures, 
alongside trial-wise FLE readouts. Our results demonstrate that the magnitude of mo?on-induced 
illusory perceptual effects varies with the level of a'en?on in dynamic environments. 
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Supplementary Results 
 
S1. Descrip2ve sta2s2cs of FLE magnitude  
 

 
Figure S1.1. Individual distribu?ons of FLE magnitudes across a'en?on condi?ons. 
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Table S1.2.  
One-sample t-test (one-tailed) results against zero. 
 

Bars M SD t23 p 

1 15.8° 6.4° 12.1 < 0.001 

2 19.0° 9.0° 10.3 < 0.001 

3 19.4° 6.5° 14.6 < 0.001 

4 19.2° 7.2° 13.0 < 0.001 
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S2. Descrip2ve sta2s2cs of FLE variability 
 
Table S2.  
One-sample t-test (one-tailed) results against zero. 
 

Bars M SD t23 p 

1 130.2% 45.3% 14.1 < 0.001 

2 118.4% 36.2% 16.0 < 0.001 

3 114.0% 32.2% 17.3 < 0.001 

4 115.4% 32.2% 17.6 < 0.001 
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S3. Hemifield effects in the FLE 
 

 
Figure S3. Hemifield results. Previous studies using linear mo?on have demonstrated anisotropies 
in the leV and right sides of the visual field (Kanai et al., 2004; Shi & Nijhawan, 2008; Suzuki et al., 
2023). Notably, the FLE tends to be more substan?al when s?muli are presented in the leV 
hemifield. Here, we aimed to test whether the effect of divided a'en?on could be pronounced 
with these anisotropies, par?cularly within the a'end-to-two condi?on. To achieve this, we 
examined the magnitude and variability of the FLE on trials where par?cipants were cued to two 
quadrants within their leV, right, or diagonally across the upper and lower visual hemifields. (A) 
The FLE magnitudes are plo'ed as a func?on of the to-be-a'ended hemifields. All values are 
reported as means ± within-subject standard error of the mean (S.E.M., error bars). ns (not 
significant) denotes p > 0.05. Although the FLE magnitude in the leV hemifield was marginally 
higher than in both the right or diagonal hemifields, no significant modula?on of a'en?on was 
detected (one-way ANOVA, hemiField: F(2,46) = 0.2, p = 0.7). (B) The same as described in A but 
for FLE variability (one-way ANOVA, hemiField: F(2,46) = 0.6, p = 0.5).   
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Abstract 
 
Predic?ve mo?on extrapola?on allows observers to predic?vely encode the posi?on of moving 
objects along their trajectories, aligning percep?on with real-?me and enhancing our interac?on 
with dynamic environments. An intriguing ques?on is how mo?on extrapola?on relates to 
selec?ve a'en?on, which is crucial for priori?zing sensory informa?on. Previous studies have 
demonstrated that the neural representa?on of an object’s posi?on is influenced by predic?ons 
about its future posi?on. Thus far, evidence for extrapola?on has only been reported for explicitly 
tracked s?muli. It is unknown whether extrapola?on involves a'en?on or extends to visible but 
una'ended moving s?muli, i.e., not explicitly tracked. To inves?gate this possibility, we used a 
novel paradigm that could enable the spa?al posi?ons of two compe?ng s?mulus streams to be 
independently decoded from their evoked electroencephalographic (EEG) ac?vity. We recorded 
EEG while human observers performed a color detec?on task that required a'ending to a task-
relevant stream and ignoring a concurrently present distractor stream. In each stream, an 
apparent mo?on s?mulus appeared every 100 ms, each following an unrelated circular trajectory. 
This led to a superposi?on of neural ac?vity from both streams, containing informa?on about 
their current and prior posi?ons and puta?vely their future s?mulus posi?ons at each ?me-point. 
We performed ?me-resolved pa'ern classifica?on to track these representa?ons during ongoing 
mo?on sequences in each stream. Here we show that a'en?on modulates neural representa?ons 
yet the posi?ons of an ignored s?mulus remain represented. When the sequence stops, the 
representa?ons are more selec?ve, with informa?on about its future posi?on significantly fading 
for the ignored s?mulus. This selec?vity appears to bias compe??on to priori?ze perceiving and 
predic?ng mo?on for the task-relevant s?mulus. 
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1. Introduc8on  
 
The progression of visual informa?on takes ?me, introducing an inherent latency of 
approximately 100 ms from re?nal s?mula?on to the emergence of percep?on (Maunsell & 
Gibson, 1992; Schmolesky et al., 1998). While neural processing delays of this length would not 
be problema?c for sta?c s?muli, they pose a challenge for dynamic s?muli as they constantly 
change during this interval. This is especially true when interac?ng with moving objects since the 
percep?on would lag behind an object’s veridical posi?on.  
  
However, convergent evidence from animals and humans demonstrate that predic?ve 
mechanisms allow, at mul?ple levels of the processing hierarchy, for the neural coding of objects 
in or near real-?me posi?ons despite neural delays (Berry et al., 1999; Blom et al., 2021; Burki' 
& Hogendoorn, 2021; Cheong et al., 2012; Hogendoorn & Burki', 2019; Jancke et al., 2004; 
Johnson et al., 2023; Kaplan et al., 2013; Maus et al., 2013; Palmer et al., 2015; Schneider et al., 
2019; Subramaniyan et al., 2018; Sundberg et al., 2006). These predic?ons are reflected in 
pa'erns of neural ac?vity containing predic?ve informa?on about an object’s current or 
subsequent posi?on during apparent mo?on (Agos?no et al., 2023; Hogendoorn & Burki', 2018; 
Robinson et al., 2020; Teichmann et al., 2021, 2022). Remarkably, these an?cipatory pa'erns 
persist even in the absence of afference sensory informa?on (Blom et al., 2020), indica?ng that 
extrapola?on is an obligatory consequence of mo?on processing. 
 
An important ques?on is how mo?on extrapola?on relates to a'en?on. Our environment 
inundates us with streams of visual input, yet only a subset can be processed due to the capacity 
limita?ons on a'en?on and percep?on. While some studies suggest that una'ended informa?on 
can s?ll be represented (Mangun & Hillyard, 1990; Sahan et al., 2019; Volpe et al., 1979), other 
studies using fMRI and EEG decoding show that a'ended informa?on undergoes more extensive 
processing than una'ended or ignored informa?on (Cohen et al., 2015; Noah et al., 2023; Yi et 
al., 2004). These findings could imply that visual informa?on that is not a'en?onally selected 
might be lost before extrapola?on. Moreover, the no?on that a'en?on may be involved in mo?on 
extrapola?on is supported by observa?ons that spa?al a'en?on itself moves predic?vely 
(Hogendoorn et al., 2007; Shioiri et al., 2002). In prior studies involving apparent mo?on, there 
was an implicit assump?on that the s?mulus was a'en?onally tracked (Agos?no et al., 2023; 
Blom et al., 2020; Hogendoorn & Burki', 2018; Robinson et al., 2020; Teichmann et al., 2021). 
This raises the ques?on of whether extrapola?on entails a'en?on to mo?on, or if it can occur 
even when mo?on receives less or no a'en?on.  
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In a recent study by Ekman et al. (2017), observers were presented with sequences of s?muli 
along a horizontal path. Interes?ngly, the ac?va?on observed in response to the first s?mulus 
presenta?on (out of 4) triggered a similar ac?vity wave for the en?re mo?on sequence, 
irrespec?ve of whether observers were a'ending to the s?mulus or not. This raises the possibility 
that, to some extent, extrapola?on could operate pre-a'en?vely (although it could also be argued 
that this finding is more in line with course an?cipa?on related to memory than predic?on). 
However, as with prior studies, it is difficult to determine the role of a'en?on with a single 
s?mulus.  
 
Therefore, we inves?gated the neural measures of mo?on extrapola?on, as explored by Blom et 
al. (2020), using an apparent mo?on paradigm with two s?mulus streams. We employed ?me-
resolved mul?variate pa'ern analyses (MVPA) to analyze EEG data obtained from 25 human 
observers engaged in a color detec?on task. In this task, apparent mo?on and color changes were 
independently present within both the task-relevant (to-be-a'ended) and distractor (to-be-
ignored) streams. Therefore, perceptual load was high, and selec?ve a'en?on was required for 
successful behavioral performance. Our goal was to assess mo?on extrapola?on in each stream 
by examining whether the apparent mo?on of a s?mulus triggered predic?ons about its future 
posi?on, thereby ac?va?ng sensory-like representa?ons. We hypothesized that if a'en?on 
contributes to mo?on extrapola?on, then evidence of extrapola?on would only manifest for the 
a'ended s?mulus and remain absent for the ignored s?mulus. If a'en?on is not involved in 
mo?on extrapola?on, then we expected to observe evidence for both s?muli. Alterna?vely, 
considering the poten?al deple?on of processing resources under demanding task condi?ons 
(Cosman & Vecera, 2010), we expected a third possibility where neither s?mulus could 
demonstrate extrapola?on. 
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2. Materials and Methods 
 
2.1 Par2cipants 
 
25 younger healthy individuals (17 female, 8 male, age [M: 26.4 years, SD: 4 years]) completed all 
experimental requirements and were included in the final sample. To be included in the study, 
observers had to be 18–40 years, right-handed, fluent in spoken and wri'en English, have normal 
or corrected-to-normal vision, and no neurological or psychiatric disorders. Observers were 
invited to complete two experimental sessions on two separate days, with at least one day 
between sessions, and were reimbursed 15 AUD per hour for their par?cipa?on. 21 addi?onal 
observers were excluded for failing to return for a second session (n = 13, during the SARS-CoV-2 
(COVID-19) pandemic), or insufficient data quality (n = 8; see sec?on 2.8 for details). All observers 
provided wri'en informed consent prior to the start of the experiment. This study was approved 
by the Human Research Ethics Commi'ee of Melbourne School of Psychological Sciences of the 
University of Melbourne (Ethics ID: 1954628.4) and was conducted in accordance with the 
Declara?on of Helsinki.  
 
2.2 Apparatus and s2muli 
 
All s?muli were generated and displayed using Psychophysics Toolbox 3 (Brainard, 1997; Kleiner 
et al., 2007; Pelli, 1997) with MATLAB R2021a (The MathWorks Inc., 2021), on a HP EliteDesk 800 
G3 TWR with an LCD screen (24.5-inch ASUS ROG PG258; resolu?on: 1920 × 1080 pixels; refresh 
rate: 120 Hz). Observers were posi?oned approximately 60 cm from the screen and viewed the 
s?muli from a chinrest in a dimly lit EEG chamber. 
 
On a gray background, trapezoid-shaped s?muli (i.e., wedges) were displayed on a no?onal circle 
(radius = 7° of visual angle (dva)) centered at the white fixa?on dot (radius = 0.27 dva). Each 
wedge had an outer width of 1.4 dva, and its inner and outer edges were 6.3 and 7.7 dva 
respec?vely from the fixa?on point. Wedges were presented in streams of either black or white 
s?muli, and each stream contained infrequent targets in either purple (instead of black) or green 
(instead of white). Up to two wedges could be displayed simultaneously (one from each stream). 
S?muli were shown in 16 possible angular posi?ons on the circle, separated by 22.5°, with white 
wedges shown in odd posi?ons and black wedges shown in even posi?ons to ensure that 
simultaneously displayed wedges would not have a spa?al overlap. Rela?ve to the ver?cal axis, 
the white wedges could be displayed at 0°, 45°, 90°, 135°, 180°, 225°, 270°, or 315°, and black 
wedges could be displayed at 22.5°, 67.5°, 112.5°, 157.5°, 202.5°, 247.5°, 292.5°, or 337.5° 
(Figure 1A).  
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Figure 1. S?muli and experimental paradigm. (A) Wedges were displayed on a no?onal circle 
around central fixa?on at a radius of 7 dva. The posi?ons of each wedge were sampled from a set 
of 16 possible angular posi?ons based on s?mulus color white (odd posi?ons) and black (even 
posi?ons). (B) S?mulus ?ming for the Single flashes (top) and Apparent mo?on (bo;om) 
condi?ons. In the Single flashes condi?on, a single wedge was displayed at eight posi?ons in a 
random order. In the Apparent mo?on condi?on, two independent streams of wedges were 
presented concurrently. Within each stream, each wedge was displayed at successive posi?ons in 
a predictable sequence order (see text for details). Each mo?on sequence lasted for 5–12 s?muli 
(unknown to the observer). Here shown are simultaneously displayed wedges, but the wedges 
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were displayed with variable temporal offset between [0–100 ms] across sequences. In both 
condi?ons, observers were instructed to track a wedge and report any target color change such 
as green while tracking white, or purple while tracking black.   
 
2.3 Experimental paradigm  
 
Observers performed a color detec?on task within a dynamic visual environment, where wedges 
were displayed at variable and rapidly changing posi?ons but with an implicit regularity that was 
of consequence to the task.  
 
The task was organized into blocks (Figure 1B). Each block began with a screen instruc?ng 
observers to track a wedge of a specific color (e.g., black) across its variable posi?ons over ?me 
and detect when its color changed to the target color (e.g., purple), for which they had 1 s to 
respond. Wedges with other colors (e.g., white, green), if present, were task-irrelevant distractors 
to be ignored. The offset of the instruc?on screen triggered by a keypress was followed by a 
con?nuous stream of briefly visible wedges, with variable colors and posi?ons. Observers were 
instructed to maintain fixa?on throughout and report whenever a color change occurred by 
pressing the spacebar on a keyboard with their right hand. The block ended with a screen 
reques?ng observers to take a short break before they ini?ated the next block. No feedback on 
behavioral performance was provided. 
 
The blocks differed in (1) the propor?on of wedges with task-relevant colors (100% versus 50%) 
and (2) the variability of wedge posi?ons (random posi?ons versus along a mo?on trajectory). 
These factors varied the demands on selec?ve a'en?on and the predictability of wedge posi?ons. 
The two tested scenarios are referred to as the Single flashes and Apparent mo?on condi?ons. 
While the Apparent mo?on condi?on was the primary focus of the experiment, the Single flashes 
condi?on served as a s?mulus localizer to train mul?variate pa'ern classifiers to recognize 
pa'erns of neural ac?vity associated with s?muli in each posi?on. These classifiers were 
subsequently tested on the Apparent mo?on condi?on (see sec?on 2.6). Each condi?on was 
separated into two blocks based on the instructed color pair to be tracked/detected (black-purple 
and white-green). All four blocks were presented once in a randomized order in each of the two 
experimental sessions. Each session lasted a total of 1.5 hours. 
 
2.3.1 Single flashes condi2on 
 
A single wedge was displayed for 67 ms with a fixed s?mulus onset asynchrony (SOA) of 500 ms. 
The wedge’s posi?on was selected randomly (uniformly) from the eight possible posi?ons for the 
instructed color pair (Figure 1A). Only one stream of s?muli was presented in a given block (i.e., 
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either black or white, with their corresponding targets). Within a block (~8 min), 800 s?muli were 
presented (8 posi?ons x 100 repe??ons), and 50 of these s?muli were randomly selected to be 
the target s?muli.  
 
2.3.2 Apparent mo2on condi2on 
 
Two independent s?mulus streams were presented concurrently, one black and one white. 
Within each stream, a single wedge was displayed for 67 ms with an SOA of 100 ms. The posi?ons 
of the wedge were ordered into sequences so that it would be perceived as being in apparent 
mo?on along a circular trajectory. A mo?on sequence began with a wedge’s star?ng posi?on 
(uniformly) randomly selected from the eight possible color-specific posi?ons. Each successive 
wedge posi?on was shown 45° clockwise or counterclockwise from the prior posi?on, which 
corresponded to an angular speed of 450°/s (i.e., 1.25 rota?ons/s) in the sequence-specific 
direc?on. The mo?on sequence ended aVer a variable length of 5–12 s?muli (unknown to the 
observer), followed by a variable blank interval of [333–433 ms] before the start of the next 
sequence. Target colors were presented in both streams, but observers had to respond only to 
the instructed target color (i.e., green while tracking white, purple while tracking black). The other 
target color, serving as a distractor, did not require any response and was to be ignored. The 
Apparent mo?on condi?on therefore contained mo?on sequences differing only in the instructed 
a'ended color, which was counterbalanced across blocks.  
 
The two s?mulus streams had the same SOA but were otherwise independent as the mo?on 
sequences (defined by star?ng posi?on, mo?on direc?on, and sequence length) were 
independently and randomly selected for each stream in a block. Moreover, the rela?ve onset of 
the two streams was ji'ered by [0–100 ms], so depending on this ji'er, the two wedges of 
different colors could be displayed simultaneously for a variable dura?on of up to 66 ms. Note 
each sequence could also be considered equivalent to a sta?s?cally independent “trial” in a 
typical trial-based experimental design. Within a block, 1200 sequences were presented for each 
stream (8 star?ng posi?ons x 2 direc?ons x 8 lengths x 8-10 randomly sampled repe??ons), and 
50 of these sequences were randomly selected to contain a single target s?mulus. Observers 
viewed a total of ≈ 20350 wedges (≈ 10175 wedges per stream) spanned over ~30 min (three sets 
of ~10 min with a short break between each set). 
 
2.4 Data acquisi2on and pre-processing 
 
2.4.1 EEG acquisi2on  
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EEG ac?vity was recorded using a standard 64-electrode BioSemi Ac?veTwo system (BioSemi, 
Amsterdam, The Netherlands) and digi?zed at a sampling rate of 2048 Hz. Electrodes were 
arranged in a spherical array layout according to the Interna?onal 10–20 system. Two external 
electrodes were placed on the mastoids behind the ears for offline re-referencing. 
Electrooculographic ac?vity (EOG) was recorded with six ocular electrodes (three electrodes 
placed above, below, and at the outer cathus of each eye). During the recording, all data were 
referenced to the electrode Cz and filtered using a bandpass [0.16–100 Hz] filter. All electrode 
impedances were kept below 20 kΩ.  
 
2.4.2 EEG pre-processing 
 
EEG data were pre-processed in MATLAB R2021a using EEGLAB v14.1.1b (Delorme & Makeig, 
2004) and custom scripts. Con?nuous EEG data were down-sampled to 512 Hz (one data point 
per ~2 ms) and re-referenced to the average ac?vity of the mastoid electrodes. The data were 
then visually inspected to reject ?me periods with ar?facts related to abnormal voltage 
fluctua?ons, muscle ac?vity, signal noise, and ar?facts noted during the recording. Bad channels 
were iden?fied by visual inspec?on, and their signals were replaced with signals from neighboring 
channels using spherical spline interpola?on, as implemented by EEGLAB. All datasets had less 
than 6 bad channels per session, which was our pre-defined quality threshold. 
 
Because our analysis employed ?me-resolved pa'ern analysis methods to make ?me-related 
inferences (sec?on 2.6), we avoided using ar?fact correc?on methods that might distort the 
temporal structure of the EEG signals. Specifically, no further filtering and standard eye-blink 
correc?on, such as Independent Component Analysis (ICA) (Makeig et al., 2004) or regression-
based methods (CroV & Barry, 2000), were applied to the con?nuous data. This decision was 
made to prevent introducing phase distor?ons to the data, a concern noted by Van Driel et al. 
(2021) and Widmann et al. (2015). We instead chose to reject epochs with large voltage changes 
(including eye-blinks), having the least possible impact on the signals even if they were poten?ally 
correctable (see sec?on 2.4.4 for details). 
 
2.4.3 Epoch defini2on  
 
The con?nuous data from the Single flashes condi?on was segmented into epochs from [-200 ms 
to +500 ms] rela?ve to the onset of each wedge s?mulus. This ?me range was chosen based on 
the condi?on’s SOA of 500 ms, such that epochs would not contain addi?onal s?mulus events 
apart from the reference s?mulus. The baseline for the Single flashes epochs was the interval [-
200 to 0 ms] prior to s?mulus onset. The con?nuous data from the Apparent mo?on condi?on 
was also segmented into epochs from [-200 ms to +500 ms] rela?ve to the onset of each wedge 
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s?mulus of each s?mulus stream. This means each epoch contained ac?vity related to a mo?on 
sequence, rather than a single reference s?mulus. Due to the short SOA of 100 ms, an epoch 
could contain up to eight s?mulus events from the same sequence, including the reference 
s?mulus. To retain sequence-specific informa?on, the baseline for each Apparent mo?on epoch 
was the 200-ms interval immediately prior to the first s?mulus onset of the corresponding 
sequence. Note that an epoch could also capture up to eight events from the other, concurrently 
presented, s?mulus stream; however, the other-stream events were not systema?cally related to 
the reference s?mulus across epochs as the two streams were sta?s?cally independent. Epochs 
of both condi?ons that contained target s?muli (purple or green, irrespec?ve of instruc?on) and 
responses were excluded. All epochs were baseline corrected by subtrac?ng the mean voltages 
over the corresponding baseline from the voltages at all other ?me-points of that epoch.  
 
2.4.4 Epoch rejec2on  
 
Epochs with signal standard devia?ons (es?mated across all channels and ?me-points) greater 
than 80 μV were rejected. The 80 μV threshold was heuris?cally selected to be conserva?ve while 
avoiding a large data loss (also see Blom et al., 2020; Hogendoorn & Burki', 2018). With this 
threshold, an average of 8.8% (SD: 11.36%) of Single flashes epochs were rejected per observer. 
This rejec?on threshold was not applied to Apparent mo?on epochs to prevent discarding 
complex but relevant ac?vity pa'erns. Finally, all remaining epochs from both condi?ons were 
visually inspected to confirm the exclusion of epochs with atypical voltage changes.  
 
2.5 Analysis ra2onale  
 
In each Apparent mo?on block, observers would have had to relate the successive posi?ons of 
wedges of the same color over ?me, in order to (1) perceive two separate streams with dis?nc?ve 
mo?on-based regulari?es and (2) allocate more processing resources to the task-relevant stream 
over the distractor stream. Therefore, the two streams were analyzed separately based on their 
instructed relevance, referred to as the A'ended and Ignored streams. 
 
We evaluated the evidence for mo?on extrapola?on from each stream based on whether the 
apparent mo?on of a wedge triggered predic?ons about its future posi?on. Since observers were 
not instructed to make explicit posi?on predic?ons, this had to be indirectly inferred from the 
measured neural ac?vity. In each epoch, we tested whether the neural ac?vity following the 
reference s?mulus at a posi?on (P) contained informa?on about the posi?on (P+1) of the next, as 
yet unseen s?mulus in the mo?on sequence, i.e., a puta?ve representa?on of the wedge’s future 
posi?on. The analysis was conducted separately for the A'ended and Ignored streams using the 
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spa?otemporal decoding approach described by Blom et al. (2020) (see Supplementary 
Materials, S1), following these steps: 
 

1. Neural responses to single flashes were characterized, separately for black and white 
Single flashes epochs. This allowed us to train sets of pairwise classifiers to dis?nguish the 
ac?vity trained evoked by each pair of the color-matched posi?ons separated by 45°, 90°, 
135°, or 180°. 
 

2. Mo?on sequences were extracted, again separately for black and white Apparent mo?on 
epochs, ?me-locked to s?mulus presenta?ons within ongoing sequences (i.e., subsequent 
s?muli were presented immediately aVer, referred to as ONGOING) and to the final 
s?mulus presenta?on in each sequence (i.e., a subsequent s?mulus was expected but not 
presented, referred to as STOP).  
 

3. Classifiers trained on Single flashes in the first step were tested on all Apparent mo?on 
(ONGOING and STOP) epochs. As per Blom et al., each epoch corresponding to P was 
tested using classifiers trained to discriminate between its preceding posi?on (P-1) and its 
subsequent posi?on P+1. This was done separately for each combina?on of training ?me-
point and tes?ng ?me-point, genera?ng a Temporal Generaliza?on Matrix (TGM) (Carlson 
et al., 2011; King & Dehaene, 2014). 
 

4. Apparent mo?on epochs were separated into A'ended and Ignored streams and 
collapsed across colors, yielding a 2 x 2 set of condi?ons ({ONGOING, STOP} x {A'ended, 
Ignored}).  

 
These steps were performed for individual observers (first-level analysis, sec?on 2.6), and the 
per-observer outcomes were aggregated for group-level sta?s?cal tes?ng (second-level analysis, 
sec?on 2.7). Due to the many assump?ons involved with the spa?otemporal decoding approach, 
our analyses included tests to validate these assump?ons. 
 
2.6 First-level analysis  
 
A schema?c of the first-level analysis pipeline is shown in Figure 2. 
 
2.6.1 Data selec2on  
 
We selected relevant epochs of the appropriate stream and posi?ons from the Single flashes 
condi?on and the Apparent mo?on condi?on (Figure 2A).  
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2.6.1.1 Single flashes condi=on  

 
At each ?me-point, the neural ac?vity of any Apparent mo?on epoch comprised a superposed 
ac?vity evoked by s?muli at mul?ple posi?ons (see Supplementary Materials, S1). Therefore, it 
was essen?al to dis?nguish ac?vity specifically related to P+1 from ac?vity related to P and other 
preceding posi?ons in the sequence, such as P-1. Therefore, we chose P-1 as a discrimina?ve 
posi?on for P+1, as the features that discriminate P+1 from P-1 should also discriminate P+1 from P 
in the Apparent mo?on condi?on (P+1 and P-1 are 90° apart; Blom et al., 2020). All epochs 
corresponding to P+1 and P-1 as the reference s?muli were used for subsequent analyses (Figure 
2A, top).  

 
2.6.1.2 Apparent mo=on condi=on 
 
Our analysis focused on the s?mulus transi?on from one posi?on to its subsequent posi?on in a 
mo?on sequence (i.e., P → P+1). To ensure that observers had sufficient context to perceive P in 
apparent mo?on, we specifically examined transi?ons where P was preceded by at least four 
s?muli, meaning P was at least the 5th presented s?muli in the sequence (i.e., P-1 → P → P+1). 
Another important configura?on included transi?ons where P did not proceed to P+1 at the end 
of the sequence (i.e., P-1 → P → [P+1]). Here, [P+1] signifies that P+1 was predictable from the 
mo?on but was not physically presented. These configura?ons correspond to ONGOING (i.e., P+1 

present) and STOP (i.e., P+1 absent), respec?vely. All epochs corresponding to P as the reference 
s?mulus in the ONGOING and STOP configura?ons of each stream were used for subsequent 
analyses (Figure 2A, bo4om).  

 
 



SELECTIVE ATTENTION GUIDES PREDICTIVE MOTION EXTRAPOLATION 

 
 

99 

 
Figure 2. First-level analysis pipeline. (A) (top) From the Single flashes condi?on, epochs 
corresponding to the posi?ons P+1 and P-1 were selected. (bo;om) From the Apparent mo?on 
condi?on, ONGOING epochs corresponding to the midpoint of the mo?on sequence (i.e., P-1 → P 
→ P+1) and STOP epochs corresponding to the end of the mo?on sequence (i.e., P-1 → P → [P+1]) 
were selected. (B) At each ?me-point within an epoch, samples of ac?vity across all EEG channels 
were extracted (only two channels shown for simplicity) to train a classifier to dis?nguish between 
samples of P+1 and P-1. Two ensembles of classifiers were used for tes?ng the classifier’s decision 
of independent tes?ng samples for the (C) valida?on analysis and (D) main analysis). Classifica?on 
assignments were evaluated as classifica?on accuracy or classifica?on bias (for P+1 or P-1) in a 
temporal generaliza?on matrix (TGM). (E) The classifica?on procedure was repeated for all 
pairwise combina?ons of posi?ons and condi?ons. The individual classifica?on results were 
aggregated for second-level analyses (see text). 
 
2.6.2 Classifica2on  
 
We then applied pa'ern classifica?on to the selected epochs (Figure 2B).  
 
2.6.2.1 Training 
 
The Single flashes epochs for P+1 and P-1 were used to train an ensemble of ?me-resolved binary 
classifiers. These classifiers were trained using the Linear Discriminant Analysis (LDA) machine 
learning algorithm (Fisher, 1936), as implemented in the Sta?s?cs and Machine Learning Toolbox 
(The MathWorks Inc., 2023) in MATLAB. LDA was chosen for its simple algorithm and common 
use in decoding research (Grootswagers et al., 2017). 
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At each ?me-point within an epoch, the instantaneous ac?vity across all 64 channels was 
extracted. These ?me-specific ac?vity samples, cons?tu?ng one 64-feature vector per epoch, 
were used to train a linear binary classifier to discriminate between two classes, P+1 and P-1. To 
ensure that the classifier was not influenced by the over-representa?on of any specific class 
(posi?on), the training sets from the two classes were always balanced by randomly excluding 
samples from the larger class. No normaliza?on was applied to the samples. The outcome of the 
training was a classifier (or decision-rule) capable of assigning whether a par?cular ac?vity 
sample was evoked by P+1 or P-1, even if the sample was not seen during training.  

 
One such classifier was generated per ?me-point across [0–500 ms]. We generated two different 
ensembles of classifiers depending on the sampling rate of the epochs. For valida?on checks, we 
used the original ?meline with samples every ~2 ms, resul?ng in an ensemble of 251 dis?nct 
classifiers. For our main analyses, a more fine-grained sampling was obtained using a smoothed 
?meline. The sample at ?me-point ttrain (in 1 ms steps) from an epoch represented the channel-
wise mean of all samples over every [ttrain ± 10 ms] of that epoch. This produced an ensemble of 
501 dis?nct classifiers. 

 
2.6.2.2 Tes=ng (valida=on)  
 
Before applying the trained classifiers to the Apparent mo?on condi?on, each classifier within 
the ensemble underwent a five-fold cross-valida?on (CV) procedure (Blum et al., 1999). In brief, 
the training samples for a specific ?me-point were par??oned into five equal sets. Within each 
of the five folds, samples were averaged across sets to improve the signal-to-noise ra?o (Bae & 
Luck, 2018). Each of the 251 classifiers was then trained on pooled samples from four sets and 
tested on the fiVh leV-out set, to determine whether the sample should be classified as P+1 or P-

1. This training and tes?ng procedure was iterated un?l each set was tested once, and for each 
itera?on, the classifica?on accuracy (i.e., propor?on of correctly classified samples) was averaged 
across folds, with a chance level of 50%. The mean CV accuracy was computed across observers 
at each ?me-point (Figure 2C) and compared against random chance using a permuta?on test 
(see below). Above-chance accuracy at any given ?me-point indicates that the neural ac?vity 
contains posi?on-specific informa?on from a single flash.  

 
2.6.2.3 Tes=ng (main)  
 
The trained classifiers were then used to evaluate the ONGOING and STOP epochs. Each of the 
501 classifiers was trained using the ac?vity sample corresponding to a specific ?me-point ttrain 
and then tested at different ?me-points ttest within that epoch. The resul?ng ttest x ttrain 
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classifica?on assignments are summarized as a TGM, shown in Figure 2D. Since the training and 
tes?ng samples were derived from dis?nct condi?ons, cross-valida?on was not necessary for 
assessing the classifier’s performance. However, it is crucial to note that there is no single true 
class (posi?on) label (corresponding to P) for the ONGOING and STOP epochs. This is due to each 
sample encompassing lingering ac?vity of preceding s?muli presented at P-1 and earlier, and, for 
ONGOING epochs, including ac?vity corresponding to future presenta?ons at P+1 or beyond. 
Therefore, the classifica?on assignments at each point in the TGM were characterized as a bias 
towards P-1 (i.e., posi?on preceding P) or P+1 (i.e., posi?on following P) rather than classifica?on 
“accuracy”.  
 
2.6.3 Aggrega2on  
 
TGMs were aggregated separately for ONGOING and STOP configura?ons, as well as for A'ended 
and Ignored streams. Subsequently, these matrices were averaged across clockwise and counter-
clockwise mo?on direc?ons and across all 16 s?mulus posi?ons. This resulted in four TGMs per 
observer, represen?ng the factorial combina?on of {ONGOING, STOP} x {A'ended, Ignored} 
condi?ons (Figure 2E). Group-level sta?s?cal tes?ng was conducted aVer aggrega?ng across 
observers.  
 
2.7 Second-level analysis 
 
2.7.1 Single flashes 
 
For every CV accuracy, a corresponding permuted accuracy was generated. This involved training 
and tes?ng each classifier on a permuted dataset where the labels associated with each posi?on 
were randomly scrambled. This eliminated any systema?c posi?on informa?on in the samples at 
each ?me-point. Consequently, the classifier’s assignments were en?rely random. This 
permuta?on procedure was repeated 1000 ?mes for each observer to create a null distribu?on 
of permuted accuracy values for classifica?on at that ?me-point.  
 
To assess group-level significance, the null distribu?ons were averaged to obtain a single null 
distribu?on with 1000 values for each ?me-point. To determine whether the observed CV 
accuracy was greater than random chance, each accuracy value was compared against the 95 
percen?les of this null distribu?on. To correct for mul?ple comparisons across ?me-points, 
sta?s?cally significant accuracies are reported based on a threshold of p = (0.05/251) (one-tailed), 
adjusted for familywise error rate (FEW) using Bonferroni correc?on. 
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2.7.2 Apparent mo2on 
 
To improve comparability among observers, a “baseline” correc?on was applied to each TGM. 
Classifiers trained at ?me-points within [0–50 ms] (i.e., immediately aVer s?mulus onset) were 
expected to perform near chance levels. Therefore, the mean value of these “baseline” classifiers 
on each row of the TGM was subtracted from all values of that row. Following this correc?on, a 
smoothing process was implemented using a boxcar kernel with an 8 ms width to reduce 
variability. The corrected and smoothed TGMs from all observers were then submi'ed for group-
level sta?s?cal tests.  
 

2.7.2.1 Overall effects  
 
For each condi?on, we tested whether each value, indica?ng a classifica?on bias towards P+1 or 
P-1, of the TGM significantly deviated from zero. A one-sample t-test was used for at each ?me-
point to evaluate whether the bias was greater than zero (or less than zero). An image-based 
significance assessment, commonly used in EEG ?me-frequency analyses (Litvak et al., 2011) and 
fMRI analyses (Friston, Holmes, et al., 1994; Friston, Jezzard, et al., 1994), corrected for mul?ple 
comparisons across ?me-points, revealing sta?s?cally significant clusters of classifica?on bias. 
This correc?on accounted for the non-independence of values in adjacent pixels (i.e., ?me-points) 
but treated all pixels the same in terms of their temporal relevance (see below). An FWE t-value 
threshold was es?mated using the Random Gaussian Field approach (Worsley & Friston, 1995), 
as implemented in SPM 12 (www.fil.ion.ucl.ac.uk/spm, Welcome Department of Imaging 
Neuroscience, London, UK). The cluster-forming threshold was set at p < 0.001 (uncorrected), and 
the cluster-level FWE-correc?on was applied at p < 0.05 (one-tailed). Differences between 
condi?ons were assessed with the same procedure. 
 
2.7.2.2 Temporally paired effects  
 
A classifier trained at a given ?me-point in the Single flashes condi?on was assumed to be more 
sensi?ve to decoding the neural state at that ?me-point following a (predicted or actual) s?mulus 
onset in the Apparent mo?on condi?on (see Supplementary Methods, S1). This assump?on 
guided a complementary analysis of the TGM where, at each ?me point t (row), each posi?on 
was “paired” with specific classifiers. In this context, the fixed 100 ms SOA in the Apparent mo?on 
condi?on corresponded to specific temporal pairings: P paired with the classifier trained at ?me 
t (column), P-1 with the classifier trained at t-100 ms, and P+1 with the classifier trained at t+100 
ms, represented as diagonal lines in Figure 2E.  
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P+1-paired classifiers were expected to have a posi?ve bias (i.e., towards P+1) and P-1-paired 
classifiers a nega?ve bias (i.e., towards P-1) at different ?me-points t (row) of the TGM. Due to the 
predicted ?me-invariance of these classifiers, the classifica?on assignments of a par?cular 
posi?on were averaged (i.e., by row along the diagonal line) to obtain a single bias value for that 
posi?on. The diagonal-averaged bias values from each observer were used to test whether the 
group mean was consistent with predic?ons (i.e., greater than zero for P+1). Differences between 
condi?ons were evaluated by a factorial repeated-measures ANOVA using the 
simple_mixed_anova func?on (Caple'e, 2017) in MATLAB. 
 
2.8 Data quality assessment  
 
A set of exclusion criteria was implemented to ensure data quality and par?cipant compliance 
with task instruc?ons. Firstly, observers who failed to iden?fy at least 80% of color changes in the 
instructed color pair (excluding false alarms related to the distractor color pair in the Apparent 
mo?on blocks) were excluded. This criterion aimed to confirm that observers a'ended to the 
task-relevant stream as instructed. Consequently, three observers who detected fewer than 70% 
of color changes throughout the experiment were excluded (Single flashes [M: 66.5%, SD: 
17.07%], Apparent mo?on [M: 69%, SD: 3.9%]). Secondly, data of insufficient quality were also 
excluded. All classifica?on analyses were performed on minimally pre-processed data, requiring 
a minimum of 128 ar?fact-free epochs per posi?on. Two observers with fewer epochs (M: 102.9, 
SD: 19.95) were excluded. Among the remaining 28 observers, an average of ~175 Single flashes 
epochs (min: 150, max: 187, SD: 10.58) and ~2255 Apparent mo?on epochs (min: 2001, max: 
2292, SD: 65.19) were included for analysis. Thirdly, data with CV accuracy exceeding -3 SD from 
the group mean across ?me were excluded to prevent any undue impact on the overall results. 
Three datasets were excluded based on this threshold. The final dataset comprised data from 25 
observers.  
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3. Results 
 
3.1 Behavioral performance  
 
Observers performed a difficult color detec?on task in both Single flashes and Apparent mo?on 
condi?ons. The task involved repor?ng the target color while tracking a paired color (i.e., green 
while tracking white, purple while tracking black). Although task difficulty was not matched 
between the condi?ons (see Materials and Methods), observers detected task-relevant color 
changes with a high hit rate (> 90%) in both condi?ons.  
 
The mean hit rate in the Single flashes condi?on (white/green: [M: 97.52%, SD: 2.96%]; 
black/purple: [M: 96.36%, SD: 4.7%]) was marginally higher than in the Apparent mo?on 
condi?on (white/green M: 93.56%, SD: 6.8%; black/purple M: 94.48%, SD: 5.21%). A repeated-
measures ANOVA demonstrated no significant effect of color (two-way ANOVA, mo<onType*color: 
F(1, 24) = 1.52, p = 0.2; mo<onType: F(1, 24) = 22.16, p < 0.001; color: F(1, 24) = 0.03, p = 0.8).  
 
Response ?mes were notably faster in the Single flashes condi?on by ~60 ms (white/green M: 
442.45 ms, SD: 52.9 ms; black/purple M: 440 ms, SD: 69.88 ms) than in the Apparent mo?on 
condi?on (white/green M: 507 ms, SD: 73.54 ms; black/purple M: 504.28 ms, SD: 65.11 ms), also 
without a detectable influence of color (two-way ANOVA, mo<onType*color: F(1, 24) = 0.0, p = 
0.9; mo<onType: F(1, 24) = 86.43, p < 0.001; color: F(1, 24) = 0.192, p = 0.6). Overall, these results 
indicate that observers were able to perform the same task comparably in both condi?ons.  
 
3.2 Decoding posi2on 
 
Following Blom et al. (2020), we assumed that a s?mulus at a par?cular posi?on should evoke a 
similar posi?on-specific neural response in both the Single flashes and Apparent mo?on 
condi?ons. This allowed us to train classifiers on the Single flashes condi?on to iden?fy 
corresponding pa'erns in the Apparent mo?on condi?on. Therefore, we first wanted to verify 
the validity of this key assump?on.  
 
3.2.1 Qualita2ve differences in spa2ally and temporally specific responses 
 
If a s?mulus evokes a posi?on-specific neural response, then s?muli presented at different 
posi?ons should be dis?nguishable (i.e., classifiable) based on their evoked ac?vity. Since our 
classifica?on analyses rely on differences in 2-ms snapshots of evoked poten?als across the scalp, 
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we examined whether these small-scale ac?vity pa'erns could differen?ate posi?ons within the 
Single flashes condi?on. A typical signature of such ac?vity is a lateralized neural response to 
peripherally presented s?muli (Figure 3). Consistent with this signature, s?muli presented to the 
leV (or right) hemifield evoked a qualita?vely higher mean posi?vity at 100 ms over the posterior 
channels contralateral to the s?mulus than the corresponding ipsilateral channels. However, 
differences between neighboring posi?ons in the same hemifield were subtler, with a crucial role 
for ?me. For instance, the pa'ern at one ?me-point (e.g., 100 ms) was not a simple variant of the 
pa'erns at other ?me points (e.g., 150 or 250 ms). Therefore, we an?cipated that inter-s?mulus 
ac?vity differences would dynamically evolve over ?me.  
 

 
Figure 3. Posi?on-specific neural responses to single flashes. Topography and event-related 
poten?als (ERPs) were computed rela?ve to the pre-s?mulus baseline period over [-200–0 ms] 
for s?muli displayed to the (A) leV and (B) right hemifield, averaged across observers. For 
posi?ons on the most leV (or most right), scalp maps show ac?vity pa'erns at 100, 150, 250, and 
300 ms following s?mulus onset.  
 
3.2.2 Posi2on-classifica2on accuracy varies with distance and 2me 
 
We tested whether and when s?mulus posi?ons were classifiable within the Single flashes 
condi?on. A classifier was trained to discriminate ac?vity pa'erns between two color-matched 
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posi?ons at each ?me-point over [0–500 ms] following s?mulus onset and tested on ac?vity 
pa'erns from the same ?me-points not used for training.  
 
We first assessed whether two posi?ons could be classified at all at any ?me-point. The peak 
classifica?on accuracy across the en?re ?me range (computed per individual observer and 
subsequently averaged across observers) for the posi?on pairs is plo'ed in Figure 4A based on 
their spa?al distance. The peak accuracy was well above the 50% chance level for all posi?on pairs 
(Supplementary Materials, Table S2). As expected, peak accuracy increased as posi?ons with 
spa?al separa?on, ranging from 59.83% (SD: 1.52%) for posi?ons with an angular distance of 45° 
to 64.29% (SD: 3.71%) with an angular distance of 180° (one-way ANOVA, F(3, 72) = 70.39, p < 
0.001). We also observed a linear rela?onship between accuracy and the linear distance between 
s?mulus posi?ons (i.e., chord length), confirming that spa<al posi<on drove the classifica?on over 
and above other co-varying features, such as the orienta?on of the wedge.  
 

 
Figure 4. Posi?on classifica?on results of single flashes. (A) An ensemble of classifiers was trained 
and tested on independent, non-trained samples between [0–500 ms]. The peak classifica?on 
accuracy across the en?re ?me range (computed per individual, then averaged across observers) 
is plo'ed as a func?on of angular distance between posi?on pairs. All values are reported as 
means ± standard error of the mean (S.E.M., error bars). *** denotes p < 0.001. (B) The cross-
validated (CV) accuracy is plo'ed for all posi?on pairs, averaged across posi?ons. All values are 
reported as means ± S.E.M. (shading). The dashed ver?cal line at 67 ms corresponds to the offset 
?me of the s?mulus. Colored dots below the accuracy mark the ?me-points at which the posi?ons 
could be classified above 50% chance level, compared to a permuted null distribu?on (p < 0.002, 
FWE-corrected). (C) An ensemble of trained classifiers (x-axis) was tested at different ?me-points 
(y-axis) between [0–300 ms]. The classifica?on assignments are summarized as a TGM, averaged 
across posi?ons and observers. The dashed lines at 67 ms correspond to the offset ?me of the 
s?mulus. The diagonal line iden?fies where training and tes?ng ?me-points are equal. Solid black 
contours indicate accuracy greater than 50% chance (one-sample t-test, p < 0.05, FWE-corrected).  
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However, the peak accuracy described above was agnos?c about when the maximum accuracy 
occurred, which could differ across observers. Therefore, we next evaluated when in ?me 
classifica?on was possible. The ?me-resolved classifica?on (cross-validated; CV) accuracy is 
plo'ed for each posi?on pair in Figure 4B. For all pairs, classifica?on was significantly above 50% 
chance level at mul?ple ?me-points concentrated in [100–300 ms] (permuta?on test, ps < 0.002, 
FWE-corrected). CV accuracy increased significantly above chance from 78 ms, reaching a peak 
around 146 ms, before gradually reducing back to chance levels at ~450 ms. Peak accuracy varied 
from 53.14% (SD: 1.86%) for posi?ons with an angular distance of 45° to 57.71% (SD: 5.33%) for 
posi?ons with an angular distance of 180° (one-way ANOVA, F(3, 72) = 35.11, p < 0.001). These 
?me-resolved peak accuracies were notably lower by ~7% than the above ?me-agnos?c peak 
accuracies (Figure 4A), which indicates a large variability in the ?ming of maximum accuracy 
across individuals. 
 
3.2.3 Low temporal generaliza2on of high accuracy 2me-resolved classifiers 
 
The [80–200 ms] interval of significant classifica?on corresponded qualita?vely to the period 
during which the ERPs showed rapid changes in magnitude and polarity (Figure 3). This similarity 
raised the possibility that classifica?on over this interval might be driven by a common 
mul?variate pa'ern that varied in strength over ?me (i.e., first increasing and then decreasing). 
If this were the case, then the posi?on-specific informa?on underlying classifica?on at one ?me-
point could enable classifica?on at other ?me-points within [0–300 ms]. To test this possibility, 
we evaluated the classifica?on ?me course. The TGM in Figure 4C summarizes how well an 
ensemble of classifiers trained at ?me-points ttrain (x-axis) could classify the same posi?ons at 
different ?me-points ttest (y-axis), averaged across all posi?on pairs. Mean accuracy along the 
diagonal was significantly greater than 50% chance level between [~100–300 ms] (one-sample t-
test, p < 0.05, FWE-corrected, cluster threshold = 10 pixels), as expected from Figure 4B. 
Interes?ngly, above-chance accuracy at the off-diagonal pixels between [100–200 ms] was also 
evident in a narrow band around the diagonal. These results of high accuracy indicate that 
classifiers were temporally specific within this narrow band and could not share posi?on 
informa?on with neighboring classifiers, including classifiers at future ?me-points. Cross-?me 
classifica?on was broadly possible around [200–300 ms] (lower right corner), sugges?ng a 
classifier trained at 200 ms (x-axis) could generalize to ?me-points over the en?re range [~180–
300 ms] (y-axis). Therefore, the posi?on informa?on in the evoked response was truly changing 
rapidly over ?me, rather than reflec?ng the changing strength of a common ac?vity pa'ern.  
 
3.3 Generalizing from Single flashes to Apparent mo2on 
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3.3.1 Cross-condi2on posi2on-classifica2on accuracy is modulated by a<en2on 
 
Following the confirma?on in the Single Flashes condi?on, we tested whether classifiers could 
generalize to the Apparent mo?on condi?on given the superposed ac?vity evoked by mul?ple 
s?muli presented at different posi?ons and ?mes (see Supplementary Materials, S1). Thus, a 
trained classifier was tested on posi?ons from any order (1st – 12th s?mulus) within a given mo?on 
sequence. This evalua?on was conducted at each ?me-point over [0–300 ms] following s?mulus 
onset. The classifica?on accuracy for the A'ended and Ignored condi?ons is plo'ed for each 
posi?on pair in Figure 5A.  
 

 
Figure 5. Cross-condi?on classifica?on results of apparent mo?on. (A) An ensemble of classifiers 
was trained in the Single flashes condi?on and then applied to the Apparent mo?on condi?on 
between [0–300 ms]. The ?me-resolved classifica?on accuracy is plo'ed for all posi?on pairs, 
averaged across posi?ons, in the A'ended (le^) and Ignored (right) condi?ons. All values are 
reported as means ± S.E.M. (shading). The dashed ver?cal line at 67 ms corresponds to the offset 
?me of the s?mulus. Colored dots below the accuracy mark the ?me-points at which the posi?ons 
could be classified above 50% chance level from the superposed ac?vity evoked by mul?ple 
s?muli presented at different posi?ons and ?mes, compared to a permuted null distribu?on (p < 
0.002, FEW-corrected). The black line labeled Single flashes corresponds to the CV accuracy in the 
Single flashes condi?on for comparison. (B) Above-chance accuracy values were averaged over 
[100–300 ms] (indicated in A) and plo'ed as a func?on of angular distance between posi?on pairs. 
All values are reported as means ± S.E.M. (error bars). *** denotes p < 0.001.   
 
In both condi?ons, accuracy values ranged between 50% and 51%. These accuracies were ~5% 
lower than the CV accuracy associated with the Single flashes. Despite the low values, 
classifica?on was possible at mul?ple ?me-points concentrated in [100–300 ms] (p < 0.002, FEW-
corrected) in the A'ended condi?on. Mean accuracy rose significantly above chance from 74 ms, 
first peaking at around 146 ms and second between [205–220 ms]. A similar pa'ern was observed 
in the Ignored condi?on. To examine whether classifica?on strength differed between the two 
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condi?ons, we compared the mean accuracy averaged over [100–300 ms] (Figure 5B). In the 
A'ended condi?on, mean accuracy increased with the distance between posi?ons, ranging from 
50.29% (SD: 0.12%) for posi?ons with an angular distance of 45° to 50.89% (SD: 0.31%) for 
posi?ons with an angular distance of 180° (Supplementary Materials, Table S4). This was slightly 
lower in the Ignored condi?on, measuring 50.32% (SD: 0.11%) for posi?ons with an angular 
distance of 45° to 50.85% (SD: 0.28%) for posi?ons with an angular distance of 180° (two-way 
ANOVA, a;en<on*distance: F(3, 72) = 3.81, p = 0.013; distance: F(3, 72) = 143.18, p < 0.001; 
a;en<on: F(1, 24) = 0.41, p = 0.528).  
 
These results indicated that a'en?on modulated posi?on classifica?on within mo?on sequences. 
However, this analysis did not explicitly address whether the neural ac?vity following a s?mulus 
at a posi?on (P) conveyed informa?on about its subsequent posi?on (P+1). We therefore 
examined the ONGOING sequence configura?on.  
 
3.3.2 S2mulus-consistent pa<erns represent both task-relevant and distractor 
posi2ons 
 
Figure 6A presents TGMs of the ONGOING condi?ons over [0–300 ms] following the s?mulus 
onset of P. Each ?me-point was evaluated by an ensemble of classifiers (x-axis, in 1 ms steps) 
trained to dis?nguish the ac?vity evoked by P+1 and P-1 in the Single flashes condi?on. TGM values 
indicate classifica?on bias for P+1 or P-1. Despite the low values ranging from -0.01% to +0.01%, 
these biases showed sta?s?cally significant devia?ons from zero across a large number of 
classifica?on assignments, even at stricter thresholds used to correct for mul?ple comparisons.  
 
The A'ended and Ignored TGMs were qualita?vely similar. With P-1 (and P-2) presented before P, 
nega?ve bias was concentrated from [0–150 ms] (y-axis) and absent aVer ~200 ms. This was 
par?cularly prominent for classifiers between [~100–300 ms] (x-axis), with a concentra?on along 
the upper diagonal. Bias for P-1 was also evident along the uppermost diagonal, as expected from 
the high spa?al generaliza?on of classifiers (see Supplementary Materials, Figure S3).  
 
Importantly, the horizontal line at 100 ms (y-axis) indicates the onset ?me of the s?mulus at P+1. 
Posi?ve bias commenced at ~75 ms following this onset marker (~175 ms aVer P). Unlike the bias 
for P-1, the bias for P+1 was not as widespread and was concentrated along the lower diagonal 
over [~80–200 ms] (x-axis).  
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Figure 6. Main results. (A) An ensemble of classifiers was trained to dis?nguish P+1 and P-1 (90° 
apart) over [0–300 ms] in the Single flashes condi?on were tested on P in the ONGOING:A'ended 
(le^) and ONGOING:Ignored (right) condi?ons. The classifica?on assignments are summarized as 
a TGM, rela?ve to the onset ?me of the s?mulus at P (y-axis). The dashed lines at 67 ms 
correspond to the offset ?me of the s?mulus at P, and the dashed horizontal lines at 100 ms and 
167 ms (y-axis) indicate the onset and offset ?mes at P+1, respec?vely. The diagonal lines 
represent the posi?on-paired classifiers for P-2 and P-1 (upper diagonal lines), P (diagonal line) and 
P+1 and P+2 (lower diagonal line). Solid black contours indicate clusters of classifica?on bias that 
differ significantly from zero (one-sample t-test, p < 0.05, FEW-corrected). Nega?ve bias is 
illustrated in dark blue and posi?ve bias in dark red. (B) Same described in A but for the STOP 
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condi?ons. The dashed horizontal lines at 100 ms and 167 ms (y-axis) indicate the predicted (but 
not actual) onset and offset ?me at P+1, respec?vely. Similarly, the do'ed diagonal lines represent 
the classifica?on decisions by the posi?on-paired classifiers for the predicted P+1 and P+2 (lower 
diagonal lines). (C) The subtrac?on of A'ended (le^) and Ignored (right) condi?ons and 
corresponding t-values for the contrast compared to zero (one-sample t-test, p < 0.05, FEW-
corrected). The white box signify a narrow band of P+1-paired classifiers ± 30 ms around the 
diagonal.  
 
In sum, the TGMs revealed unambiguously strong on-off bias pa'erns consistent with a s?mulus 
appearing at every 100 ms within ongoing mo?on sequences of each stream. However, it was 
ambiguous whether the informa?on about P+1 was veridically evoked by the s?mulus at P+1 or if 
it also included a mo?on-based predic?on of P+1 when viewing P. To disentangle these alterna?ves, 
we next evaluated the STOP sequence configura?on.  
 
Figure 6B presents TGMs of the STOP condi?ons. As in the ONGOING condi?ons, nega?ve bias 
was also concentrated from [0–150 ms] (y-axis). However, there was a striking absence of 
sta?s?cally significant posi?ve bias, consistent with the absence of a s?mulus presented at P+1. 
To confirm whether this was indeed the case, we tested whether the bias related to P+1 was 
comparable in the ONGOING and STOP condi?ons (Figure 6C).  
 
The ONGOING-STOP contrast for the A'ended condi?on was sta?s?cally significant at small 
clusters around ~200 ms following P (or ~100 ms aVer P+1) for P+1-paired classifiers, confirmed by 
the distribu?on of posi?ve t-values along the lower diagonal. This indicated that the bias for P+1 
was comparable within the A'ended stream. However, the ONGOING-STOP contrast of the 
Ignored condi?on was significant at more prominent clusters for the same classifiers over the 
range [200–250 ms] (y-axis), indica?ng that the bias for P+1 was considerably different for the 
Ignored stream.   
 
3.3.3 Evidence of mo2on extrapola2on shows selec2vity for task-relevant 
compared to distractor stream  
 
The results of the ONGOING-STOP:A'ended and ONGOING-STOP:Ignored contrasts were in the 
desired direc?on, sugges?ng that the observed differences might be a'ributed to predic?on. 
However, it could be argued that these differences were marginal and poten?ally influenced by 
a'en?on. To address this concern, we conducted a more detailed examina?on of how changes in 
a'en?onal state could impact the rela?onship between the ONGOING and STOP condi?ons.  
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We computed an average bias value for P+1 for a narrow band of P+1-paired classifiers ± 30 ms 
around the lower diagonal depicted in Figure 6C (white box). The diagonal-averaged bias values 
are plo'ed in Figure 7 to match the TGMs above. The bias values were qualita?vely similar for 
the A'ended condi?ons (Figure 7A), but a significant divergence was observed for the Ignored 
condi?ons (Figure 7B). Specifically, the diagonal-averaged bias values for STOP:Ignored condi?on 
were close to zero (i.e., chance level) without a notable peak across ?me, whereas the bias for 
the STOP:A'ended condi?on was rela?vely higher, with a subtle peak, albeit lower than either 
ONGOING condi?ons.  
 

 
Figure 7. Temporal pairing results. (A) Diagonal-averaged bias values for the A'ended condi?on. 
All values corresponding to the ONGOING:A'ended (orange line) and STOP:A'ended (blue line) 
condi?ons are reported as means ± S.E.M. (shading). These colors are not associated with the 
colors from the TGMs. The ver?cal line at 0 ms represents the lower diagonal line in the TGM 
shown in Figure 6. (B) Same described in A but for the Ignored condi?on. 
 
To formally assess these differences, we conducted a 3-way mixed ANOVA with the factors of <me 
([-30 ms to +30 ms]), a;en<on (A'ended, Ignored), and sequenceType (ONGOING, STOP). Table 
1 (column 90°) indicates a significant main effect for sequence type and a marginal two-way 
interac?on with a'en?on. The three-way interac?on did not reach the threshold for sta?s?cal 
significance, and this effect was also not detectable by direct comparisons of the TGMs (see 
Supplementary Materials, Figure S5). The direc?on of the two-way interac?on was further 
evaluated in a post-hoc, two-way ANOVA involving the factors of <me and sequenceType, 
revealing a notable effect for sequence type in the Ignored condi?on (two-way ANOVA, 
<me*sequenceType: F(60, 1440) = 3.22, p < 0.001; sequenceType: F(1, 24) = 16.38, p < 0.001; <me: 
F(60, 1440) = 6.08, p < 0.001), which was not detectable in the A'ended condi?on (two-way 
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ANOVA, <me*sequenceType: F(60, 1440) = 4.98, p < 0.001; sequenceType: F(1, 24) = 2.26, p = 
0.146; <me: F(60, 1440) = 4.45, p < 0.001). 
 
Table 1. 
Results of a three-way mixed ANOVA for diagonal-averaged bias values. 

Effects 
90° 135° 

df1 df2 F p df1 df2 F p 

?me*a'en?on*sequenceType 60 1440 1.13 0.238 60 1440 1.06 0.364 

a'en?on*sequenceType 1 24 3.23 0.085 1 24 2 0.170 

?me* sequenceType 60 1440 7.23 < 0.001 60 1440 3.72 < 0.001 

?me*a'en?on 60 1440 1.01 0.345 60 1440 0.24 1 

sequenceType 1 24 17.76 < 0.001 1 24 15.62 < 0.001 

a'en?on 1 24 2.18 0.153 1 24 5.02 0.035 

?me 60 1440 7.15 < 0.001 60 1440 1.66 0.210 

 
Taken together, the dissimilarity observed in the Ignored condi?ons demonstrated that the 
informa?on about P+1 had a solely s?mulus-evoked origin – present in ONGOING but absent in 
STOP. In contrast, the A'ended condi?ons showed a different rela?onship. Despite the absence 
of P+1 in STOP, there was a weak bias for P+1 that was sta?s?cally indis?nguishable from the 
corresponding bias in ONGOING, where P+1 was present. Therefore, when a s?mulus was 
a'ended, the informa?on about P+1 seemed to have addi?onal, predic?ve, origins.  
 
3.3. Confirma2on with 135°  
 
To eliminate the possibility that our findings were influenced by the specifics of the classifiers, we 
replicated our main analyses employing a different ensemble of classifiers to train on P+1 and P-2, 

which were 135° apart and shared similar characteris?cs to the 90° classifiers (see Supplementary 
Materials, Figure S3). Although the 135° classifiers were trained on different posi?ons from the 
Single flashes condi?ons compared to the classifiers above, the epochs from the Apparent mo?on 
condi?on were unchanged.  
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All corresponding TGMs are provided in Supplementary Materials, Figure S6.1. As expected, 
comparable bias pa'erns were recovered from the ac?vity related to the mo?on sequences. 
There was a notable difference in the bias for P+1 was present in the ONGOING:Ignored condi?on, 
which was absent in the STOP:Ignored condi?on. Addi?onally, there were no marked differences 
in the bias for P+1 between the ONGOING:A'ended and STOP:A'ended condi?ons. These results 
were reflected in the diagonal-averaged bias values (Figure S6.2).  
 
Moreover, the three-way ANOVA revealed a significant effect of a'en?on (Table 1, column 135°). 
This was accompanied by an effect of sequence type for the Ignored condi?on (two-way ANOVA, 
<me*sequenceType: F(60, 1440) = 2.63, p < 0.001; sequenceType: F(1, 24) = 21.13, p < 0.001; <me: 
F(60, 1440) = 1.87, p < 0.001) that was not detectable for the A'ended condi?on (two-way 
ANOVA, <me*sequenceType: F(60, 1440) = 2.76, p < 0.001; sequenceType: F(1, 24) = 1.59, p = 0.22; 
<me: F(60, 1440) = 1.01, p = 0.471).  
 
All key findings were replicated using the 135° classifiers. This provided a huge confirma?on that 
the findings cannot be solely due to the classifier choice.   
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4. Discussion 
 
In this study, we inves?gated whether a'en?on was necessary for mo?on extrapola?on. 
Observers viewed two streams of apparent mo?on s?muli, with one stream relevant to the task. 
Using MVPA, we aimed to track in fine temporal resolu?on the neural representa?on of s?mulus 
posi?on throughout the mo?on sequences in each stream. Specifically, we probed whether the 
neural representa?on of a s?mulus contained sensory-like representa?ons driven by mo?on-
based predic?on (Blom et al., 2020). Our findings revealed evidence of mo?on extrapola?on in 
the task-relevant stream and a concluding absence of this effect in the distractor stream.  
 
At any given moment, the concurrently presented stimulus streams vie for processing in the 
visual processing hierarchy. Despite the significant role of top-down selective attention in early 
selection, our classification results uncovered significant responses evoked by all detectable 
positions of both attended and ignored stimuli during motion sequences. We observed some 
modulations of attention in enhanced representation strength of the attended stimulus 
throughout the response. However, there was a shift in selectivity as the motion sequence 
unfolded. A dissociable representation of the stimulus’ future position emerged when the motion 
sequence stopped (unknown to the observer), coinciding with their respective attentional states. 
Notably, we discerned no predictive information about the future position of the ignored 
stimulus. These findings echo the conclusions drawn by Shioiri et al. (2002), suggesting that 
attention not only extends to newly occupied positions but also anticipates future positions to 
facilitate the tracking of a moving object. Our results imply that while the brain possesses the 
capacity to represent the location of all presented stimuli that overlapped in time (Mangun & 
Hillyard, 1990; Sahan et al., 2019; Volpe et al., 1979), it seems to absorb little information from 
motion that is ignored. 
 
One possible mechanism is an implicit selection mechanism guided by behavior relevance, as 
observers needed to focus on specific stimuli to perform the color detection task successfully. 
This involved detecting color changes within the task-relevant stream while ignoring any color 
changes occurring within the distractor stream. Despite having independent moving trajectories, 
the two streams were presented within the same visual field, enabling observers to perceive both 
stimuli in different positions simultaneously (or with a slight jitter). This setup created a 
competitive interaction between the two streams. A bias in this competition could emerge as 
attentional resources were predominantly allocated to the positions of the task-relevant stimulus, 
anticipating the possibility of the stimulus appearing in the target color. This selective allocation 
could impose a suppressive effect on the distractor stream (Desimone & Duncan, 1995).  
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This mechanism bears resemblance to the well-studied “Cocktail Party” effect observed in 
auditory perception (Cherry, 1953), wherein attentional resources selectively anticipate events 
within the task-relevant speech stream (Zion Golumbic et al., 2013). By virtue of this suppression, 
events presented within the task-relevant stream can be effectively perceived and predicted.  
 
Observers might have been unable to extrapolate the motion presented within the distractor 
stream because, although attention may not be necessary for detecting features such as position 
or color, it is required for relating these features to the same object (i.e., wedges). This binding 
process would be essential for addressing the superposition problem, which demonstrates that 
overlapping and conflicting signals can create ambiguous representations. To accurately perceive 
the two separate streams, the brain must resolve these ambiguities in neural coding by allocating 
resources to the task-relevant stream. This would enhance its neural representation and facilitate 
the perception of the attended stimulus (Luck & Ford, 1998). Even though motion was not 
explicitly instructed, this implies that attention is involved in binding the successive positions and 
colors within the task-relevant stream, enabling extrapolation (Albright & Stoner, 1995; cf. 
feature integration theory; O’Craven et al., 1997; Treisman & Gelade, 1980). This mechanism 
provides ‘what’ in ‘where’ information early on, helping to navigate dynamic environments 
(Holcombe, 2023; Reynolds & Desimone, 1999). Conversely, the distractor stream may fail to 
provide a meaningful, coherent representation of motion, leading to the perception of a 
collection of colored flashes without motion extrapolation – similar to how listeners might 
struggle to understand snippets of speech without paying attention to the conversation.  
 
Alternatively, motion might be perceived for both attended and ignored stimuli, but predictive 
mechanisms may be reserved for attended stimuli. Such selectivity could stem from the behavior 
irrelevance of extrapolation for the ignored stimulus, contributing to a more efficient allocation 
of cognitive resources. While the current study cannot definitively conclude whether observers 
did perceive apparent motion in both streams or if there was a difference in the perception of 
apparent motion, it is nonetheless suggestive. Since this was not explicitly measured, it remains 
open to interpretation, and additional research may be needed to disentangle these possibilities.  
 
Our results illuminate the predictive encoding of the position of a moving object, particularly 
when attention is directed towards it. However, our results diverge from prior studies such as 
Blom et al. (2020), which associated pre-activation with the compensatory role of predictive 
motion extrapolation. While Blom et al. observed pre-activation as early activation of 
representation of the stimulus’ next position [70–90 ms] before its expected onset, even before 
information about its current position arrived, we did not observe such latency advantages 
associated with prediction-driven representations. We observed pre-activation that emerged 
from 30 ms before and peaking precisely at the expected arrival of information. This discrepancy 
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could be attributed to factors specific to our paradigm – since the classification results of the 
static stimuli (Single flashes) replicated Blom et al. (2020), differences in the apparent motion 
conditions likely contribute to a weaker signal-to-noise ratio, potentially impacting the temporal 
dynamics of the classifications observed here. One key difference lies in our study involving two 
stimulus streams. The consequence is a weaker signal in the neural response to any one stimulus, 
or a superposed mixture of activity from the current, prior, and future positions from both 
streams. As seen in the low classification values in Figure 6, the vertical streaks of positive or 
negative biases (x-axis), denoting noise, are as prominent as the actual position-specific 
information decoded. In principle, this weaker signal could contribute to the delayed onset of 
significant classification, as noted in Grootswagers et al. (2017). Furthermore, our sequences 
were notably shorter, ranging from 5-12 stimulus presentations, compared to their varying 
lengths up to 44 stimulus presentations. As latency tends to decrease with increasing trajectory 
lengths (Benvenuti et al., 2020), the discrepancy in sequence lengths could also influence the 
amount or quality of motion signals available for extrapolation in both studies.  
 
While our present results cannot definitively establish pre-activation ahead of neural delays as 
observed in Blom et al. (2020), it is clear that: (1) motion extrapolation aligns the future position 
with the expected moment of the attended stimulus despite neural delays, and (2) extrapolation 
did not occur for the ignored stimulus. A more comprehensive investigation of the predictive 
mechanisms and attentional resources in a dynamic environment could involve merging the two 
experiments, in addition to a one-Apparent motion condition with a single task-relevant stream, 
as used in Blom et al. (2020) and a mixed condition with one stream of Single flashes in random 
positions and another Apparent motion stream in successive positions. This investigation would 
provide further insights into the impact of the strategic allocation of attention in different 
contexts of stimulus complexity and task demands.  
 
One critique of the present study is the absence of false alarms in the task. While the hit rate 
indicated that observers responded appropriately to the task-relevant stream, the inclusion of 
false alarms would have provided insights into whether the observers also responded to the 
distractor stream. Despite demonstrating dissociable evidence of motion extrapolation for 
attended and ignored stimuli, incorporating a behavioral measure that aligns with the neural 
evidence could offer a more complete understanding of how attention shapes the coding of task-
irrelevant, ignored stimuli. This presents a potential avenue for future research.  
 
Another limitation worth noting is the discrepancy in the number of epochs satisfying the STOP 
configuration compared to the ONGOING configuration. This discrepancy could account for the 
numerical difference in classification strength between the ONGOING and STOP conditions. 
However, it is important to highlight that both STOP:Attended and STOP:Ignored conditions had 
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a comparable number of epochs. The setup for the Attended and Ignored conditions was identical, 
except for the instructions for the instructed attended colors. While we note the discrepancy in 
testing data, the training data and STOP conditions were matched, so it does not pose a major 
concern to the overall validity of the results.  
 
When perceiving a moving object, motion extrapolation relies on its past trajectory to generate 
predictions about its future positions along the expected path. This study employed pattern 
classification analyses of EEG data to investigate the position representations of attended and 
ignored apparent motion stimuli. Our findings demonstrate that top-down attention plays a 
crucial role in guiding motion extrapolation to be selective, and the effect of this selection is that 
a meaningful representation of motion may not be constructed for the ignored stimulus. While 
subject to interpretation, our data strongly support that attention may be essential to piece 
together a tacit representation of motion.  
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Supplementary Materials for  
Meaningful objects: Selec8ve visual a<en8on guides predic8ve 
mo8on extrapola8on  
Jane Yook et al.  
 
Supplementary Methods  
 
S1. Spa2otemporal decoding approach and the superposi2on problem 
 
The spa?otemporal decoding approach (Blom et al., 2020) was used to address a key difficulty 
posed by the mo?on sequence. In each sequence, successive s?muli were presented with a short 
constant SOA of 100ms to induce the percept of apparent mo?on. With this short SOA, the 
ac?vity at a ?me-point in the sequence was effec?vely an overlapping (superposed) mixture of 
ac?vity evoked by mul?ple s?muli presented at different posi?ons and ?mes. Furthermore, the 
fixed (non-ji'ered) SOA limited the use of deconvolu?on methods (e.g., Temporal Response 
Func?on (Crosse et al., 2016) to isolate the neural responses to individual s?muli. This presents a 
difficulty in making inferences about a specific predicted posi?on from superposed neural ac?vity. 
 
The solu?on afforded by the spa?otemporal decoding approach was based on the following 
ra?onale. A s?mulus seen at a par?cular posi?on Px is assumed to evoke a characteris?c posi?on-
specific ac?vity pa'ern across the scalp that evolves in a dis?nc?ve manner over ?me. This 
neurodynamic ac?vity pa'ern is assumed to be similar both for s?muli and predicted s?muli 
(Blom et al., 2020). However, as described above, this posi?on-specific pa'ern was not directly 
measurable in the Apparent mo?on condi?on due to the superposed ac?vity from s?muli 
presented at other posi?ons. Nevertheless, the characteris?c pa'ern for posi?on Px is assumed 
to persist in the superposed ac?vity even if in a degraded form.  
 
When considering the transi?on from a posi?on P to a predicted posi?on P+1, the strategy is to 
decode P+1 from superposed ac?vity by using a pre-constructed template that can sensi?vely 
discriminate the pa'ern for P+1 (even if degraded) from “compe?ng” superposed pa'erns from 
P and other preceding posi?ons of the sequence. In the current study, this discrimina?ve 
template for P+1 was constructed (i.e., trained) using machine learning from pa'ern examples 
obtained in the Single flashes condi?on where superposi?on was minimal (SOA = 500 ms). Blom 
et al. used a different set of examples for training. Importantly, this discrimina?ve template was 
temporal as it consisted of an ensemble of mul?ple ?me-specific binary classifiers.  
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Supplementary Results 
 
S2. Above-chance 2me-agnos2c peak cross-validated (CV) accuracy  
 
Table S2. 
Results of one-sample t-tests (one-tailed) for the ?me-agnos?c peak CV accuracy values. 

 
  

Distance M SD t27 p 

45° 59.83% 1.52% 32.3 < 0.001 

90° 62.2% 2.68% 22.76 < 0.001 

135° 63.77% 3.33% 20.71 < 0.001 

180° 64.29% 3.71% 19.24 < 0.001 
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S3. High spa2al generaliza2on of posi2on classifiers 
 

 
Figure S3. Spa?al generaliza?on results. We evaluated whether classifiers could generalize to 
nearby spa?al posi?ons in the Single flashes condi?on. An ensemble of classifiers was trained to 
dis?nguish two posi?ons between [0–300 ms] and tested on posi?ons that not used for training, 
namely, a posi?on in between (inner) or outside (outer) each posi?on pair. These posi?ons are 
graphically depicted in the corresponding Inset (posi?on pairs shown clockwise for simplicity). 
Note that there is no inner posi?on (gray) for the posi?on pair with the closest angular distance 
of 45°. For the posi?on pair with the furthest angular distance of 180°, the inner and outer 
posi?ons are on opposite sides of the circle and are func?onally iden?cal. The classifica?on 
accuracy is plo'ed for the inner (gray) and outer posi?ons (black). All values are reported as 
means ± S.E.M. (shading). The colored line corresponds to the CV accuracy for comparison. In line 
with the CV results, mean accuracy for the inner posi?ons is qualita?vely dis?nct from that for 
the outer posi?ons. Notably, mean accuracy for the inner posi?on of 90° is at 50% chance level 
across the en?re period following the onset ?me of the s?mulus. Moreover, the classifica?on 
accuracy improves with increasing distance between posi?ons, such that the accuracy values for 
the inner and outer posi?ons of 180° are equal.  
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S4. Above-chance cross-condi2on classifica2on accuracy  
 
Table S4. 
Results of one-sample t-tests (one-tailed) for the cross-condi?on classifica?on accuracy values.  

 
  

Distance 
A'ended Ignored 

M SD t27 p M SD t27 p 

45° 50.29% 0.12% 12.11 < 0.001 50.32% 0.11% 14.69 < 0.001 

90° 50.6% 0.22% 13.51 < 0.001 50.58% 0.19% 15.6 < 0.001 

135° 50.8% 0.29% 13.53 < 0.001 50.76% 0.25% 15.42 < 0.001 

180° 50.89% 0.32% 14.34 < 0.001 50.85% 0.28% 15.22 < 0.001 
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S5. Interac2on effects for 90° 
 

 
 
Figure S5. Interac?on effects. (A) An ensemble of classifiers was trained to dis?nguish P+1 and P-1 

(90° apart) over [0–300 ms] in the Single flashes condi?on were tested on P in the 
ONGOING:A'ended and ONGOING:Ignored condi?ons. The subtrac?on of the two ONGOING 
condi?ons are plo'ed in ONGOING:A'ended-Ignored. The classifica?on assignments are 
summarized as a TGM, rela?ve to the onset ?me of the s?mulus at P (y-axis). The dashed lines at 
67 ms correspond to the offset ?me of the s?mulus at P, and the dashed horizontal lines at 100 
ms and 167 ms (y-axis) indicate the onset and offset ?mes at P+1, respec?vely. The diagonal lines 
represent the posi?on-paired classifiers for P-2 and P-1 (upper diagonal lines), P (diagonal line) and 
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P+1 and P+2 (lower diagonal line). Nega?ve bias is illustrated in dark blue and posi?ve bias in dark 
red. (B) Same described in A but for the STOP condi?ons.  
The dashed horizontal lines at 100 ms and 167 ms (y-axis) indicate the predicted (but not actual) 
onset and offset ?me at P+1, respec?vely. Similarly, the do'ed diagonal lines represent the 
classifica?on decisions by the posi?on-paired classifiers for the predicted P+1 and P+2 (lower 
diagonal lines). (C) The subtrac?on of ONGOING:A'ended-Ignored and STOP:A'ended-Ignored 
condi?ons and corresponding t-values for the contrast compared to zero (one-sample t-test, p < 
0.05, FWE-corrected).  
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S6. Key findings replicated using 135° classifiers 
 

 
Figure S6.1. Replicated main results. (A) An ensemble of classifiers was trained to dis?nguish P+1 

and P-2 (135° apart) over [0–300 ms] in the Single flashes condi?on were tested on P in the 
ONGOING:A'ended (le^) and ONGOING:Ignored (right) condi?ons. The classifica?on 
assignments are summarized as a TGM, rela?ve to the onset ?me of the s?mulus at P (y-axis). 
The dashed lines at 67 ms correspond to the offset ?me of the s?mulus at P, and the dashed 
horizontal lines at 100 ms and 167 ms (y-axis) indicate the onset and offset ?mes at P+1, 

respec?vely. The diagonal lines represent the posi?on-paired classifiers for P-2 and P-1 (upper 
diagonal lines), P (diagonal line) and P+1 and P+2 (lower diagonal line). Solid black contours indicate 
clusters of classifica?on bias that differ significantly from zero (one-sample t-test, p < 0.05, FWE-
corrected). Nega?ve bias is illustrated in dark blue and posi?ve bias in dark red. (B) Same 
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described in A but for the STOP condi?ons. The dashed horizontal lines at 100 ms and 167 ms (y-
axis) indicate the predicted (but not actual) onset and offset ?me at P+1, respec?vely. Similarly, 
the do'ed diagonal lines represent the classifica?on decisions by the posi?on-paired classifiers 
for the predicted P+1 and P+2 (lower diagonal lines). (C) The subtrac?on of A'ended (le^) and 
Ignored (right) condi?ons and corresponding t-values for the contrast compared to zero (one-
sample t-test, p < 0.05, FWE-corrected). The white box signify a narrow band of P+1-paired 
classifiers ± 30 ms around the diagonal.  
 
 

 
Figure S6.2. Replicated temporal pairing results. (A) Diagonal-averaged bias values for the 
A'ended condi?on. All values corresponding to the ONGOING:A'ended (orange line) and 
STOP:A'ended (blue line) condi?ons are reported as means ± S.E.M. (shading). The ver?cal line 
at 0 ms represents the lower diagonal line in the TGM shown in Figure S6.1. (B) Same described 
in A but for the Ignored condi?on. 
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CHAPTER 5 
 
General Discussion 
 
The research presented in this thesis aimed to extend our understanding of the role of a'en?on 
in predic?ve visual mo?on processing. In this final chapter, I will provide an overview of the key 
findings from the empirical studies in Chapters 2, 3, and 4. Addi?onally, I will address the 
apparent contradic?ons among these findings and explore further ques?ons raised by their 
implica?ons. Furthermore, I will propose poten?al direc?ons for future research and highlight 
several limita?ons inherent within the studies. The chapter will conclude with brief closing 
remarks.  
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Summary of empirical findings  
 
In Chapter 2, I presented the results of two experiments using the flash-lag effect (FLE) to 
inves?gate how the brain compensates for neural delays in processing moving objects. This 
compensa?on relies on prior posi?on and mo?on (velocity) informa?on to predict future 
posi?ons along an expected mo?on trajectory (Nijhawan, 1994, 2008), allowing an extrapolated 
posi?on to be perceived in the present (White, 2018). To explore these mechanisms, we 
manipulated perceived speed by introducing temporal noise (sta?c vs dynamic flicker noise) and 
varying the luminance contrast (high vs low contrast) of the moving s?mulus, while keeping its 
physical speed constant. Using an adap?ve staircase method, we varied the posi?ons between 
the moving and flash s?muli. When the flash was aligned with the moving s?mulus, a perceived 
offset of approximately 20° was observed, represen?ng the point of subjec?ve equality. Our 
findings revealed a consistent rela?onship between the magnitude of the FLE and observers’ 
assessments of mo?on speed compared to a reference s?mulus across two textures: filtered 
noise and pixelated noise. FLE magnitude increased with the percep?on of faster mo?on and 
decreased when mo?on was perceived as slower, with the la'er aligning more closely with the 
s?mulus’ veridical posi?on. While changes in FLE magnitude were generally similar across both 
texture types, the pixelated noise condi?on was less sensi?ve to perceived speed manipula?ons 
in the FLE than filtered noise. This could be due to pixelated noise containing more high-frequency 
varia?ons at the pixel level, which could be perceived as more chao?c or disrup?ve than the 
smoothed appearance of filtered noise. This increased noise might affect the FLE differently in 
strength. Although a trend was observed, the study may lack sufficient power to detect a 
sta?s?cally significant effect. The lack of a significant cross-effect correla?ons between FLE 
magnitude and perceived speed suggests that this rela?onship is complex and may not generalize 
across different textures with varying complexi?es. Nevertheless, this study underscored how 
predic?ve encoding of moving objects relies on perceived speed, suppor?ng the compensatory 
role of mo?on extrapola?on in addressing neural processing delays within the visual system.  
 
In Chapter 3, I presented the results of one experiment extending the findings of Chapter 2 by 
examining a'en?onal resources in the context of mul?ple moving objects. We used a 
combina?on of spa?al cueing and divided a'en?on to explore how a'en?on affects the FLE with 
mul?ple s?muli. Observers viewed an array of four moving s?muli distributed across four 
quadrants of the display. A'en?onal cues were used to reduce a'en?on on each individual 
s?mulus. Therefore, observers were required to a'end to one, two, three, or all four s?muli, 
which were moving along independent mo?on trajectories, while a flash was presented adjacent 
to one of these s?muli. They then reported the posi?on of the moving s?mulus at the ?me of the 
flash, providing a trial-wise measure of the FLE. We found that the FLE was consistently present 
across all a'en?on condi?ons, with magnitudes similar to those reported in Chapter 2, indica?ng 
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that extrapola?on occurs even under dynamic condi?ons. There was a significant effect of divided 
a'en?on, resul?ng in an increase in median FLE magnitudes compared to when a'en?on was 
focused to a single s?mulus. However, there was no difference in the trial-to-trial variability of 
FLE magnitude across a'en?on condi?ons, sugges?ng that divided a'en?on augments FLE 
magnitude without affec?ng the consistency of the illusion. These findings imply that divided 
a'en?on leads to increased delays in processing mo?on and posi?on informa?on for each object. 
As these delays accumulate across mul?ple objects, greater compensa?on may be required to 
monitor and update representa?ons of the moving s?muli. This study illuminated the brain’s 
strategy for efficiently naviga?ng dynamic visual environments.  
 
In Chapter 4, I reported on an experiment to determine whether a'en?on is necessary for mo?on 
extrapola?on. ShiVing focus to apparent mo?on, we aimed to explore whether neural 
representa?ons could be driven by predic?on and whether these representa?ons persist when 
moving objects are selec?vely a'ended or ignored. We presented two concurrent s?mulus 
streams, each containing independent sequences of s?muli displayed in apparent mo?on. Instead 
of asking observers to report the perceived posi?on of the s?mulus, as in Chapters 2 and 3, we 
recorded brain ac?vity using electroencephalography (EEG) while observers performed a color-
based task that required a'ending to one relevant stream while ignoring the other, distractor 
stream. We applied mul?variate pa'ern analyses (MVPA) to decode the neural representa?ons 
of a'ended and ignored s?mulus posi?ons. Classifiers were trained to dis?nguish between neural 
ac?vity pa'erns corresponding to different spa?al posi?ons within mo?on sequences: a given 
posi?on (P), its previous posi?on (P-1), and its subsequent posi?on (P+1). We then tested the 
trained classifiers on posi?on P during the ongoing sequence and aVer it stopped, tracking how 
posi?on-specific informa?on evolved within each stream. Importantly, P+1 was predictable from 
the apparent mo?on of each s?mulus. As the sequence unfolded, we found that representa?ons 
became increasingly selec?ve. When the stream was a'ended, the neural ac?vity at P contained 
predic?ve informa?on regarding its future posi?on P+1, even when the s?mulus was not physically 
present at that posi?on (P being the final posi?on of the sequence). This predic?ve informa?on 
was comparable to s?mulus-evoked representa?ons of P+1 when the s?mulus was actually 
presented. By contrast, when the stream was ignored, predic?ve informa?on about P+1 was 
consistent only with actual s?mulus presenta?on, showing no an?cipa?on of the future posi?on. 
This study demonstrated that a'en?on biases processing toward the s?mulus stream with task-
relevant features, guiding mo?on extrapola?on in condi?ons where streams of visual informa?on 
compete for processing resources.  
 

Theore8cal implica8ons 
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While some of the findings presented in this thesis may align with theories of selec?ve a'en?on 
that do not explicitly specify a role for mo?on-based predic?on, the predic?ve coding framework 
provides a comprehensive explana?on for all observed results. According to this framework, the 
brain con?nually generates predic?on signals regarding incoming sensory input, which are 
transmi'ed from higher levels of the processing hierarchy to lower levels through feedback 
connec?ons. These signals contain both the an?cipated informa?on (e.g., what it expects to 
perceive) and the precision or reliability of these predic?ons (Hohwy, 2012). When there is a 
mismatch between the predicted and observed sensory input, predic?on errors occur. A'en?on 
can modulate the gain of these predic?on error signals, either increasing or reducing their impact 
on predic?ons (Feldman & Friston, 2010). This modula?on may be influenced by the goals of the 
observer or predictability of the input (Kok et al., 2012; Marzecová et al., 2017; Smout et al., 2019). 
In this sec?on, I will elucidate how the results provide empirical support for the interac?on with 
top-down predic?ons and bo'om-up input, in accord with the predic?ve coding framework. 
 
Chapters 2 and 3 illustrate that the FLE arises from the brain's ongoing effort to an?cipate and 
predict the future posi?ons of moving objects based on sensory evidence and prior expecta?ons 
of con?nuous mo?on. When these expecta?ons encounter sensory inputs that are not 
informa?ve, such as the sudden appearance of a flash, the brain con?nues to an?cipate mo?on. 
This can lead to perceptual errors when observers are instructed to report their perceived 
posi?on of the moving object and/or flash. Findings from Chapter 2 indicate that the extent of 
extrapola?on increases with the perceived speed of the moving s?mulus, sugges?ng that the 
model accounts for speed probability in compensa?ng for neural delays and predic?ng mo?on 
trajectories. Computa?onal studies of the FLE have shown a rela?onship between FLE magnitude 
and physical speed of the moving object. Wojtach et al. (2008) observed a linear increase in the 
FLE at slower speeds, but a non-linear trend emerged when speeds exceeded 15 dva/s. This non-
linear rela?onship might indicate a satura?on effect, where the brain reaches its maximum 
compensatory capacity for fixed delays in processing dynamic s?muli (Khoei et al., 2017). In line 
with this, we did not find a significant linear rela?onship between FLE magnitude and perceived 
speed (with a physical speed of 28.15 dva/s) in Chapter 2. Moreover, at this high physical speed, 
low contrast s?muli were perceived to move faster, resul?ng in a larger FLE. Although low contrast 
is generally associated with reduced perceived speed and processing due to reduced saliency, our 
study supports findings that this effect can be reversed at high physical speeds (Blakemore & 
Snowden, 1999; Stone & Thompson, 1992; Thompson, 1982). While a'en?on has been shown to 
alter judgments of perceived speed (Tura'o et al., 2007), Chapter 2 did not explore a'en?on 
effects. Given that we examined only one physical speed, it would be valuable to inves?gate 
whether the non-linear rela?onship varies or follows different pa'erns with illusory changes in 
perceived speed at various physical speeds.  
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From Chapter 2, it is clear that predic?ons use prior informa?on to guide the processing of new 
sensory informa?on. In the cricket player example illustrated in Chapter 1, as the cricket ball is 
bowled at high speed, the ba'er must not only track the trajectory of the ball but also monitor 
their limb movements, an?cipate motor prepara?on, and iden?fy any unexpected obstacles 
before playing a shot. However, due to the constraints of neural transmission and cogni?ve 
resources, the feedforward signals involved in the inference process are likely to arrive late, 
introducing noise or gaps in sensory data. The brain’s internal genera?ve model can address these 
problems within both motor (Smeets & Brenner, 1995) and perceptual systems by integra?ng 
feedback predic?on signals, which are processed more quickly to update the model compared to 
newly arriving sensory informa?on. When new sensory data does arrive, the brain can integrate 
its predic?ons into percep?on, taking into account the noise and uncertainty associated with the 
sensory informa?on. Chapter 3 demonstrates that in dynamic environments, the model accounts 
for increased processing delays when managing mul?ple moving objects with limited a'en?onal 
resources. Consequently, predic?ons can be adjusted to the extent of extrapola?on necessary to 
compensate for these delays.  
  
In Chapter 4, we inves?gated how predic?ons are encoded in the context of apparent mo?on. 
When a'en?on is directed towards an apparent mo?on s?mulus, it may engage similar 
extrapola?on mechanisms as those involved in smooth mo?on. However, unlike the smooth 
propaga?on of mo?on signals through feedforward and horizontal connec?ons in neighboring 
neurons seen in smooth mo?on, apparent mo?on primarily relies on predic?ve mechanisms 
facilitated by feedback connec?ons. This difference arises because neurons represen?ng 
successive posi?ons of the apparent mo?on are spaced further apart due to larger intervals 
between s?muli compared to the more con?nuous intervals in smooth mo?on (Blom et al., 2020, 
2021). These feedback connec?ons predict mo?on between the distant posi?ons to create a 
cohesive and coherent percep?on of mo?on. Addi?onally, regulari?es in apparent mo?on (i.e., 
s?mulus presenta?on every 100 ms at successive posi?ons) facilitates the an?cipatory alloca?on 
of a'en?on to future posi?ons along the mo?on trajectory, in line with the model’s predic?ons.  
 
Distrac?ng informa?on, such as mo?on-based regulari?es of the concurrently presented stream, 
can disrupt the model by introducing noise or bias to the processing of sensory data. This 
interference poses significant challenges as it may result in ambiguous representa?ons of sensory 
informa?on (Luck & Ford, 1998). To effec?vely manage these regulari?es, the model is likely to 
influence the neural coding, i.e., of posi?on-specific informa?on. This adaptability would be 
highly relevant in compe??ve and a'en?on-demanding condi?ons, as presented in Chapter 4. In 
less compe??ve condi?ons involving single s?muli, prior studies such as Blom et al. (2020) 
observed pre-ac?va?on of P+1 as early as [70–90 ms] before informa?on about P arrived. Such 
latency advantages served to reduce processing latency, essen?ally compensa?ng for neural 
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delays. However, unlike these findings, we did not observe pre-ac?va?ons within the neural signal 
before the expected s?mulus presenta?on at P. Instead, pre-ac?va?ons were precisely aligned 
with the expected moment of arrival of sensory informa?on for P+1, consistent with other studies 
(Hsu et al., 2014; Kok et al., 2014). It would be insighsul to replicate the latency advantages 
observed ahead of neural delays and inves?gate whether this interference scales with the 
complexity of the distractor stream. If the brain can effec?vely ignore an unpredictable distractor 
stream and s?ll observe latency advantages, these dynamics would illuminate how our visual 
system navigates through complex s?muli to maintain a meaningful and coherent representa?on 
of mo?on across various dynamic environments. 
 
One implica?on of this is the model’s capability to encode changes in mo?on when the object 
velocity diverges from the expected trajectory. These devia?ons would typically result in 
predic?on errors, but a number of studies have shown that the brain updates its internal model 
to respond to these changes in mo?on with a smaller delay. This has been demonstrated in the 
FLE. For instance, when the moving object reverses its direc?on at the ?me of the flash, the 
perceived posi?on of the moving object aligns with the mo?on reversal (Whitney & Murakami, 
1998). Depending on when the reversal occurs rela?ve to the ?ming of the flash, the perceived 
posi?on of the moving object may overshoot – except when the reversal occurs approximately 30 
ms before the flash, their posi?ons are perceived to be aligned, indica?ng no flash-lag (Eagleman 
& Sejnowski, 2000). These findings are congruent with observa?ons in apparent mo?on, where 
the visual system an?cipates the object’s future posi?ons along its previous mo?on trajectory 
before sensory informa?on about the reversal is processed (Blom et al., 2020). These results 
suggest that the arrival of sensory data prompts the brain to rapidly recalibrate its predic?ons to 
accommodate the mo?on reversal. This adaptability allows the brain to perceive the posi?on of 
the moving object following its new mo?on, ensuring that the model remains accurate and 
responsive to dynamic informa?on that may be unpredictable (Duncan, 2001; Eagleman & 
Sejnowski, 2000; Khoei et al., 2017).  
 
Thus far, I have discussed how our findings align with the interac?on with top-down predic?ons 
and bo'om-up input within the predic?ve coding framework. Although this thesis explores the 
rela?onship between a'en?on and predic?ve mo?on processing, it is clear that mechanisms 
underlying the FLE extend beyond mo?on extrapola?on alone. Temporal accounts, such as the 
involvement of horizontal connec?ons and postdic?on, provide addi?onal perspec?ves 
(Eagleman & Sejnowski, 2000; Holcombe & Corbe', 2023; Murakami, 2001; Whitney et al., 2000) 
(see Flash-lag effect). While further research is needed to fully understand all complexi?es, and 
this thesis does not aim to adjudicate between theories, the three experiments presented can be 
understood within a comprehensive framework that includes mo?on extrapola?on. 
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Reconciling effects of a<en8on  
 
Chapters 3 and 4 shed light on two complementary yet contras?ng effects of a'en?on in dynamic 
visual environments.  
 
Chapter 3 examined how par?cipants divide their a'en?on across mul?ple moving objects in the 
FLE, demonstra?ng that when a'en?on is spread thin, the brain focuses on maximizing efficiency 
by processing as much relevant informa?on as possible within its constraints. This approach 
enables the brain to manage mul?ple trajectories in the environment, although it may 
compromise the precision of mo?on extrapola?on (i.e., overcompensa?on) due to divided 
a'en?onal resources. 
 
In contrast, Chapter 4 explored the effects of selec?ve a'en?on in apparent mo?on, revealing 
that focusing a'en?on on a specific s?mulus stream facilitated the predic?on of future posi?ons 
and allowed for more effec?ve suppression of irrelevant informa?on from the distractor stream. 
This study highlighted that, in scenarios requiring selec?ve focus, accuracy in representa?on is 
priori?zed over speed of processing.  
 
The absence of mo?on extrapola?on evidence when a stream is ignored underscores the cri?cal 
role of a'en?on in predic?ve mo?on processing. This finding suggests that mo?on extrapola?on 
is not a fully automa?c process; rather, it relies significantly on a'en?on to enhance the brain’s 
capacity to integrate mo?on informa?on and enable extrapola?on. Thus, when an apparent 
mo?on s?mulus is ignored, the brain may perceive as a series of discrete events rather than a 
con?nuous trajectory, effec?vely preven?ng the extrapola?on of future posi?ons. 
 
While the findings from the two chapters may seem contradictory – showing greater 
extrapola?on with divided a'en?on in Chapter 3 and less with selec?ve a'en?on in Chapter 4 – 
they actually reveal how a'en?on guides extrapola?on based on task demands and the 
observer’s goals. This suggests that a'en?on is flexibly employed to process and perceive 
dynamic informa?on across various environments, with the brain using strategies to compensate 
for its limited capacity and processing delays.  
 
Further research is needed to understand the neural mechanisms underlying these a'en?onal 
strategies and their impact on perceptual processing (Nebel et al., 2005). Different brain networks 
are involved in divided and selec?ve a'en?on, although their rela?onship can vary with the type 
of s?muli and cogni?ve processes such as memory and decision-making (Corbe'a et al., 1990). 
Some studies indicate that similar selec?ve a'en?on networks in the dorsal fronto-parietal areas, 
including the frontal eye fields and intraparietal sulcus, are ac?vated differently depending on 
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a'en?onal demands (Fagioli & Macaluso, 2009; Hahn et al., 2008), sugges?ng mul?ple spotlights 
of a'en?on (McMains & Somers, 2004). Inves?ga?ng these neural basis within the paradigms 
presented in this thesis could enhance our understanding of how the brain adapts to op?mize 
perceptual processing across diverse environments and reveal the temporal dynamics of 
a'ended versus ignored representa?ons (Noah et al., 2023).  
 

Altered a<en8onal states 
 
Altered states of a'en?on, such as heightened alertness or increased sleepiness, are likely to 
influence our percep?on of mo?on. While varia?ons in sleep quan?ty or quality can impact 
overall behavioral performance, I imagine that their effects on the FLE (Chapters 2 and 3) or 
classifica?on performance (Chapter 4) would increase variability between individuals or are 
averaged out within general healthy popula?ons. However, exploring this research ques?on in 
clinical popula?ons with a'en?on deficits, such as those with visuospa?al neglect, could provide 
valuable insights.  
 
Visuospa?al neglect is a common neurological condi?on following predominantly right-
hemisphere damage to the ventral fronto-parietal cortex, characterized by a'en?onal 
deficiencies in the contralesional visual space (Corbe'a et al., 2005). Individuals with neglect 
frequently exhibit an inability to a'end, perceive, or represent informa?on in the contralesional 
hemifield. For example, they may overlook objects posi?oned on the contralesional side of their 
visual field or words located on the contralesional side of a page. In experimental se�ngs, they 
typically demonstrate omissions of certain features on the contralesional side when reproducing 
or sketching simple figures, such as a clock.  
 
The neglect of the contralesional visual field has been examined in a mo?on illusion known as the 
flash-grab effect (Cavanagh & Ans?s, 2013). In this illusion, the background of an object rotates 
and reverses direc?on, crea?ng a percept of back-and-forth mo?on. When a sta?c object is 
flashed on top of the moving pa'ern at the moment of reversal, the flash appears displaced in 
the direc?on of mo?on. Notably, the impact of mo?on a^er the flash on its perceived posi?on 
highlights that the flash-grab effect arises due to a correc?ve mechanism linked to mo?on 
extrapola?on (Blom et al., 2019). In a recent study, De Vito et al. (2015) compared the flash-grab 
effect across different loca?ons and found that individuals with neglect do not experience the 
illusion in their neglected visual field. They perceived the flash close to or in its veridical posi?on, 
unlike healthy controls who consistently misperceived the flash’s posi?on in the direc?on of 
mo?on reversal, irrespec?ve of its loca?on. This suggests that mo?on extrapola?on mechanisms, 
which typically influence our percep?on of mo?on-induced posi?on shiVs, do not significantly 
impact the percep?on of the flash-grab effect in individuals with neglect. Despite these findings, 
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several studies indicate that individuals with neglect s?ll perceive mo?on without significant 
differences in sensi?vity to direc?on, albeit with difficulty in judging the mo?on moving towards 
or away from the neglected visual field (Spinelli & Zoccolo�, 1992). Addi?onally, in visual search 
tasks, they can detect targets entering their neglected visual field more readily than sta?c targets 
appearing in that visual field, sugges?ng some degree of mo?on extrapola?on at play (Machner 
et al., 2012). Moreover, the effects of neglect seem to vary based on task demands (Bonato, 2012), 
and individuals with neglect also exhibit interference from compe?ng informa?on in visual 
processing. For example, Corben et al. (2001) observed that visually guided movements towards 
a contralesional target experience greater behavioral interference from distractors on the 
ipsilesional side of the target. The paradigms presented in this thesis offer promising avenues for 
exploring the mechanisms of predic?ve mo?on processing in individuals with neglect, especially 
those involving mo?on trajectories that traverse from one visual field to another.  
 

Limita8ons  
 
In Chapter 1, I provided an overview of various types of a'en?on, including spa?al a'en?on, 
non-spa?al feature-based a'en?on, and object-based a'en?on. However, in subsequent 
chapters, it was challenging to disentangle these a'en?on types: Chapter 3 examined spa?al 
a'en?on (cued quadrants) and object-based a'en?on (moving bars) within a'ended loca?ons, 
and Chapter 4 manipulated feature-based a'en?on (colors) while apparent mo?on facilitated 
alloca?on of spa?al a'en?on (future posi?ons). In the real world, dis?nguishing between 
a'en?on types is also challenging because they oVen interact, and mo?on presents a special case 
where changes in mul?ple features and loca?ons are relevant. In principle, future research could 
employ paradigms designed to isolate individual a'en?onal manipula?ons to be'er understand 
their respec?ve effects on mo?on extrapola?on. For instance, inves?ga?ons similar to Chapter 3 
could be adapted to present mul?ple bars of different colors rota?ng atop each other along 
independent mo?on trajectories, comparable to the manipula?on in Chapter 4. This would allow 
us to explore whether observers can predict the mo?on of overlapping objects simultaneously, 
or how the FLE might vary under condi?ons of divided or selec?ve a'en?on.  
 
More specific to Chapter 4, one limita?on is that the observed classifica?on values were very 
small. While small effects have also been observed in similar decoding studies with single s?muli 
(Blom et al., 2020; Johnson et al., 2023), the addi?onal noise introduced by the two s?mulus 
streams in our study contributed to even weaker neural signals.  
 
Addi?onally, our decoding analyses unveiled latent informa?on concealed within the polarity 
changes of the TGMs. This study aimed to determine the presence or absence of predic?ve 
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informa?on of a s?mulus’ future posi?on P+1 in the neural representa?on of its current posi?on 
P, without knowing precisely when these representa?ons first emerged due to latency advantages. 
Notably, we observed a qualita?ve reduc?on in the representa?on strength pertaining to the 
preceding posi?on P-1 in the STOP condi?on compared to the ONGOING condi?on, and for the 
a'ended s?mulus compared to the ignored s?mulus. While this observa?on was not subjected 
to sta?s?cal tes?ng, it nonetheless suggests a compelling pa'ern that warrants further 
inves?ga?on. One plausible explana?on is interference from the representa?on of P+1. The 
posi?ve and nega?ve biases could poten?ally nullify each other, obscuring the precise ?ming of 
when representa?ons of P+1 are ac?vated. It is possible that lingering informa?on of the past 
sensory input P-1 might be overridden, or inhibited to op?mize processing resources in 
an?cipa?on of the future input P+1. This interpreta?on was further supported by replica?on 
analyses, where the distance between trained posi?ons P+1 and P-2 was wider than in the main 
analyses. However, in both cases, our methodology could not defini?vely pinpoint when 
representa?ons were first pre-ac?vated, indica?ng latency advantages, in addi?on to the weaker 
signals noted in the manuscript.  
 
Finally, a general challenge within EEG refers to its poor spa?al resolu?on. It would be beneficial 
to explore how signals from different brain regions are u?lized at various ?me-points. Several 
studies have inves?gated apparent mo?on using fMRI (Maffei et al., 2010) and TMS (Donato et 
al., 2020; Ve'er et al., 2015), and integra?ng these approaches with the current paradigm could 
further clarify the structure-func?on rela?onships between a'en?on and predic?ve networks 
involved in mo?on percep?on.  
 

Conclusion 
 
In this thesis, I have explored the ways in which a'en?on and predic?on shape our percep?on of 
moving objects. Using a combina?on of behavioral and EEG experiments, we inves?gated how 
the brain strategically allocates a'en?on during mo?on processing within dynamic visual 
environments. Our findings reveal that mo?on extrapola?on is an obligatory consequence of 
mo?on processing (Chapter 2), playing a crucial role in compensa?ng for neural delays and 
maintaining a coherent percep?on of the visual world. Moreover, we elucidate how a'en?onal 
resources modulate extrapola?on mechanisms, demonstra?ng the brain’s capability to 
simultaneously monitor and predict the mo?on of mul?ple objects, especially when sensory 
informa?on is delayed (Chapter 3). In environments where there is a con?nuous influx of 
informa?on compe?ng for processing, selec?ve a'en?on guides mo?on extrapola?on to 
priori?ze objects that are most relevant to behavior, facilita?ng percep?on and predic?on of 
mo?on for task-relevant objects while suppressing distractors (Chapter 4). These findings are well 
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accounted for by predic?ve coding theories of percep?on and open avenues for future 
explora?on with poten?al experiments outlined in this chapter to advance our understanding of 
the brain’s ability to make sense of dynamic informa?on and navigate our visual world.  
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