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Accurately perceiving the position of moving objects is a fundamental prerequisite for interacting with the
environment effectively. However, the brain is inherently “late” in doing so. By the time it encodes the position of
a moving object, the object has already moved. To compensate, the brain exploits motion extrapolation, inferring
the present position of an object from its past trajectory. Motion extrapolation arises from complex predictive

Prediction R . . . 1 . . . . . . \
Implicit processes, which combine sensory information with implicit and explicit priors to correctly estimate objects
Explicit positions. However, how implicit and explicit priors influence motion extrapolation remains unclear. The present

studies aimed at understanding their differential contribution using a representational momentum paradigm
combined with implicit and explicit priors about objects' motion speed, which in turn heavily impact motion
extrapolation. Results showed a clear functional dissociation: while implicit priors resulted in adaptation to
motion speed, explicit priors led to the reweighting of perceptual cues. These findings suggest that the repre-
sentational format of prior information determines which subprocess of motion extrapolation is affected: while

implicit priors apparently impact perception itself, explicit priors predominantly impact decision making.

1. Introduction

Accurately perceiving visual motion is necessary to effectively
interact with the environment. However, the brain is inherently “late”
with respect to the ground truth of objects' motion, as visual perception
requires from tens to hundreds of milliseconds (Inui & Kakigi, 2006;
Schmolesky et al., 1998). In other words, by the time the brain has built
a representation of an object's position, the object will have moved. To
perceive and act accurately in the visual world, the brain employs mo-
tion extrapolation (Hogendoorn, 2020), a basic mechanism through
which an object's present position can be computed based on its past
trajectory (but also see (Hubbard, 2010). Motion extrapolation occurs at
different levels of neuronal complexity, being hard-wired in the struc-
ture of retinal ganglion cells and neurons in the primary visual cortex,
but also emerging from high-level predictive processes implemented by
a widely interconnected brain network (Turner, Sexton, & Hogendoorn,
2024). Considering predictive extrapolation processes, according to the
Bayesian Brain framework, the brain is constantly building internal
generative models of the environment, which are used to generate

predictions about sensory input based on prior information (Griffiths &
Tenenbaum, 2013; Kording, 2014; Moreno-Bote, Knill, & Pouget, 2011).
Within a complex interareal network connected via feed-forward and
feedback routes, predictions are constantly compared with sensory
input, leading to the computation of the prediction error (Friston, 2010);
this valuable information is then used to dynamically update and tune
the internal models (Bottemanne, 2025; De Ridder, Vanneste, &
Freeman, 2014).

The brain exploits different kinds of available prior information that
could reduce the prediction error. For instance, when driving in heavy
rain, drivers will certainly perceive less traction between the tyres and
the road. They might adapt their driving style automatically using this
implicit cue, but they could also follow explicit indications on road signs
suggesting to reduce driving speed to avoid collisions.

Different studies in the visuomotor domain showed that while the
brain is rigid in using implicit priors that automatically drive adaptation
(Van Es & Knapen, 2019; Zhou, Kruse, Brower, North, & Joiner, 2022;
Zoeller, Lezkan, Paulun, Fleming, & Drewing, 2019), it is more flexible
in using explicit priors which cannot induce adaptation (Hutter &
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Taylor, 2018; Jahani, Schwey, Bernier, & Malfait, 2020; Van Es &
Knapen, 2019; Zhou et al., 2022; Zoeller et al., 2019) but still promote
the volitional use of decision making strategies (Bond & Taylor, 2015).
For instance, participants performing a motor task employing
experimentally-induced motor perturbations show automatic motor
adaptation with high sensitivity to motor errors when they are unaware
of such perturbations but as soon as they are explicitly told, they start
using volitional strategies with a lower degree of sensitivity to motor
errors (Hutter & Taylor, 2018; Jahani et al., 2020; Van Es & Knapen,
2019; Zhou et al., 2022; Zoeller et al., 2019).

Moreover, the mechanisms feeding on implicit and explicit priors are
implemented by different neuroanatomical structures (Butcher et al.,
2017; Loonis, Brincat, Antzoulatos, & Miller, 2017; Westerberg, Miller,
Reber, Cohen, & Paller, 2011), further corroborating their functional
specificity in the brain. In particular, while the activity of parietal, oc-
cipital cortices (Westerberg et al., 2011) and the cerebellum (Butcher
et al., 2017) is associated with implicit adaptation or learning, the ac-
tivity of frontal, motor and temporal areas is more involved during the
implementation of explicit strategies (Jahani et al., 2020; Westerberg
et al., 2011). Both can induce performance improvements (Arthur et al.,
2023; Campagnoli, Domini, & Taylor, 2021; Gredin, Bishop, Broadbent,
Tucker, & Williams, 2018; Poulter, Jackson, Wann, & Berry, 2005), but
as a consequence of their neural differentiation, implicit and explicit
priors can sometimes compete in perceptual decision making (Alamia,
Solopchuk, & Zénon, 2018), thus hampering performance (Mazzoni &
Krakauer, 2006).

In the perceptual domain, the precise effect that implicit and explicit
information have on visual and motion perception is still unclear. Tha-
kur, Basso, Ditterich, and Knowlton (2021) showed that, in an orienta-
tion discrimination task, participants could implicitly learn the
statistical distribution of the orientation of the stimuli while also
implicitly keeping track of additional regularities of specific stimulus
features, irrespective of their awareness. However, despite showing
optimised evidence accumulation over time, participants who sponta-
neously became aware of the regularities still showed the same response
bias but had lower accuracy, suggesting that in some cases explicit priors
can worsen performance by outweighing sensory information. Other
studies showed that explicit probabilistic cues can effectively induce a
response bias in visual detection (Tarasi, Di Pellegrino, & Romei, 2022;
Tarasi, Martelli, Bortoletto, Di Pellegrino, & Romei, 2023), but the dif-
ferential influence of implicit and explicit priors remains untested.
Another important unanswered question pertains to the “target” of im-
plicit and explicit priors. In particular, studies on prior exploitation in
the perceptual domain (Tarasi et al., 2022, 2023; Thakur et al., 2021)
successfully employed implicit or explicit priors to induce a response
bias by providing cues indicating the probability of the presence (vs.
absence) of the stimulus or specific stimulus features. In this way, de-
cision making can be successfully influenced by providing “base-rates”,
but without necessarily interacting with perceptual processes per se, as
observers may merely show a response bias resulting from the applica-
tion of a strategy.

Therefore, we aimed at directly influencing motion perception by
providing implicit or explicit cues to induce beliefs about the moving
stimulus features, which in turn modulate motion perception without
inducing a mere response bias. Predictive aspects of perception, and
particularly those probed by visual motion, have been studied by
exploiting the representational momentum (RM) (Hudson, Nicholson,
Ellis, & Bach, 2016; Kimura, 2018, 2021; Pascucci & Plomp, 2021;
Plunkett & Morales, 2025; Rao et al., 2004; Schmiedchen, Freigang,
Riibsamen, & Richter, 2013a; Zucchini, Borzelli, & Casile, 2023), which
refers to the phenomenon where a moving object that suddenly stops is
often perceived as having slightly continued moving along its trajectory.
The seminal study of the classic RM paradigm (Freyd & Finke, 1984)
presented a sequence of static images of a bar (“inducer”) which was
incrementally tilted clockwise at each presentation to induce motion
perception (i.e., implied motion). The final “probe” bar could match the
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orientation of the last inducer, be slightly tilted in the direction of mo-
tion, or tilted in the opposite way. When the probe bar was tilted ~1°-2°
towards motion's direction, participants judged it as having the same
orientation of the last “inducer” more often with respect to when the
“inducer” and the “probe” were physically identical (0° tilt) or when the
“probe” was tilted in the opposite direction.

Multiple theoretical accounts framed the RM as a window into pre-
dictive processes concerning future positions of moving objects gener-
ated from high-level cognitive processes (Finke & Shyi, 1988; Freyd &
Finke, 1985; Hubbard, 2015; Kerzel, 2002a; White, 2018), giving a
functional relevance to the phenomenon supporting perception and
action in the visual world. However, it is very important to consider that
no consensus has been reached as numerous other theoretical frame-
works suggest that the RM arises from one or multiple lower-level visual
(Kerzel, 2000, 2002b), perceptual (Bertamini, 2002) or oculomotor
biases (Kerzel, Jordan, & Miisseler, 2001). Additionally, others higher-
level theories link the RM to mental internalization of physical world's
principles (Freyd, 1987; Freyd & Finke, 1984; Hubbard, 1999) or their
implicit knowledge (Finke & Shyi, 1988; Kozhevnikov & Hegarty,
2001). Therefore, while interpreting the RM as a reflex of predictive
processes provides a functional justification converging with processing
needs of the brain, the possibility that such phenomenon represents
simpler biases remains open.

Comprehensive accounts of dynamic information processing include
the RM in a continuum of localisation biases for moving stimuli (Jancke
& Erlhagen, 2010; Merz, Soballa, Spence, & Frings, 2022; Miisseler,
Stork, & Kerzel, 2002). In particular, while the RM is an “offset pro-
pulsion” effect in which the last position of a moving object is shifted
along the direction of motion, “offset repulsion” effects (Merz, Deller,
Meyerhoff, Spence, & Frings, 2019; Munger & Owens, 2004; Miisseler
et al., 2002) were also reported. The same applies to motion onset as
“onset propulsion” or Frohlich effect (Frohlich, 1924; Kerzel, 2010;
Miisseler & Tiggelbeck, 2013) and “onset repulsion” effects (Hubbard &
Motes, 2002; Kirschfeld & Kammer, 1999; Thornton, 2002). According
to the “speed prior account” (Merz et al., 2022), these phenomena
inherently depend upon speed perception and spatial transformations:
as sensory input from moving objects is inevitably characterised by noise
and uncertainty, the perceived location of moving stimuli is determined
by the combination of such uncertainty with prior information about
motion speed. In this Bayesian-like perspective, when actual and ex-
pected speed differ, spatial localisation and estimation biases occur.
Specifically, if the actual speed is lower than the prior speed expectation,
a forward shift in the offset (i.e., representational momentum) and a
backward shift in the onset (i.e., Frohlich effect) are expected, resulting
in an expansion of the perceived motion path. Instead, if the actual speed
is higher than the expected one, the opposite phenomena occur,
resulting in a contraction of the perceived motion space.

While this perspective is not directly suggesting that the RM reflects
an extrapolation process, it highlights the pervasiveness of the brain's
predictive and corrective capabilities, as sensory evidence is not
passively taken but rather combined with prior information and
exploited to construct perception. From this point of view it is natural to
ask how such priors are formed and whether they can be influenced by
newly learned information. In this regard, the RM paradigm offers the
possibility of studying the influence of implicit and explicit priors during
motion perception as it can be modulated by both, but only when priors
are informative about specific perceptual features. For instance, its
magnitude can be diminished by providing implicit cues about the po-
sition in which the moving object is going to vanish (Hubbard, Kumar, &
Carp, 2009). On the contrary, providing prior information targeting the
“base rates”, corresponding to the actual or the expected probability of a
“same” response (i.e., proportion of trials in which the moving bar
reappears exactly in the same position), only affects sensitivity and the
general response bias but not the magnitude of the final spatial
displacement (Hubbard & Lange, 2010). As it would be naturally ex-
pected, the RM robustly grows larger in function of motion speed (Freyd
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& Finke, 1985). Therefore, with the speed prior account in mind, beliefs
about objects' motion speed would serve as an ideal target for the
modulation of perceptual processes induced by implicit and explicit
priors.

With the present 3 studies we aimed at replicating the effect of
rotation speed on RM using a smooth motion paradigm and evaluating
the roles of implicit and explicit priors in visual motion extrapolation. In
Exp.1, we aimed at replicating the effect of rotation speed on RM by
using the smooth-motion version of the classical paradigm (Hubbard &
Bharucha, 1988; Schmiedchen, Freigang, Riibsamen, & Richter, 2013b)
with a continuously rotating bar at 3 different speeds, and we predicted
that the magnitude of the RM would grow in function of rotational
speed. In Exp.2, we aimed at elucidating whether implicitly learned
priors can influence the effect of speed on motion extrapolation via the
RM. To this end, we employed the same paradigm of Exp.1, but while in
Exp.1 bars were always grey, in Exp.2 the bars' colors were used as
implicit cues to rotational speed in a first ‘learning’ phase. In a subse-
quent ‘testing’ phase, colors became not informative as the rotational
speed was held constant. In Exp. 2 participants were not informed about
the color-speed mapping, neither in the learning nor in the testing phase.
We predicted that if participants implicitly learned the color-speed as-
sociation during learning, they would use the newly acquired implicit
priors to perceive motion. That is, based on findings from the visuo-
motor domain (Hutter & Taylor, 2018; Jahani et al., 2020; Van Es &
Knapen, 2019; Zhou et al., 2022; Zoeller et al., 2019), we expect se-
lective adaptation to occur during the learning phase, assessed by an
“inversion” of the effect of speed on the RM: a colored bar moving at
high speed during learning but at a slower speed during testing, will
show a smaller RM effect, whereas the opposite applies for a colored bar
moving slowly during learning but faster during testing.

To further investigate the differential impact of explicit and implicit
priors targeting perceptual processes, in Exp.3 we tested whether
explicitly learned priors could influence the effect of speed on the RM.
This experiment was identical to Exp.2 but this time participants were
informed about the color-speed mapping and were reminded of this
association before and after each experimental block. In this case, if
participants showed adaptation to speed, this would suggest that explicit
and implicit priors targeting object features would equally influence
low-level automatic processes. In contrast, if explicit information
induced the development of a response strategy by only tapping into
decision making processes, we would expect participants to show the
same modulation of speed both at learning and at testing. However, if a
strategy is developed, it is also possible that its exploitation may be
dropped during testing if participants realise that the learned rule is not
informative anymore.

2. Experiment 1
2.1. Methods

60 healthy adults (34 F, Age = 21.2 + 3) with normal/corrected-to-
normal vision and no history of psychological or neurological disorders
were enrolled in the study. All of them signed the informed consent prior
to participating. Exp.1, 2 & 3 were carried out in concordance with the
ethical standards of the Declaration of Helsinki and approved by the
Ethical Committee of the San Raffaele Hospital, Milan and University of
Trento. The required sample size was computed via a Power Analysis,
performed in GPower (Erdfelder, Faul, & Buchner, 1996) for the main
effect of speed. The effect size for the main effect of interest (i.e., Speed)
was set to f = 0.25, with a = 0.05 and a desired power (1 — 8) of 0.95.
The analysis indicated a minimum of 43 participants to detect the effect.
The final sample size was set to N = 60 to ensure higher data quality. The
same sample size was used also for Exp 2 & 3 to ensure the computation
of the main effect of speed, as in Exp.1 and to compare results across
experiments. The data collected for Exp.1 were reported in a previous
publication focussing on different aspects of this study (Stottmeier et al.,
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2026). All the other hypotheses and results are novel and not previously
explored.

In the RM task, a white fixation dot appeared at the centre of the
screen for 750 + 250 ms (jittered), presented against a dark grey
background. Next, the “inducer” bar (length = 8 deg.; width = 1.34 deg.,
light grey), appeared at the centre of the screen and rotated clockwise at
three possible speeds (30, 50, or 70°/s) for 1000 ms before disappearing.
After a blank of 250 ms, the “probe” bar was presented for 1000 ms and
could appear either in the same orientation of the inducer bar before its
disappearance (0° offset), or slightly tilted clockwise or counterclock-
wise (offsets: +1°, +2°, +3°, +4°, +5°). Participants were instructed to
report if the probe had the same or different orientation with respect to
the final position of the inducer using the “M” and “Z” keys on the
keyboard (see Fig. 1A). Response mapping was counterbalanced across
participants. Participants performed 20 practice trials before starting the
experimental task which was composed of 6 blocks of 165 trials each
(990 in total, ~60 min) with small breaks in between blocks. The
experiment was run on a 1920 x 1080 pixel monitor (54.5 x 30 cm)
with a 240 Hz refresh rate, using PsychToolbox (Kleiner et al., 2007) for
MATLAB (The MathWorks Inc, 2021).

The magnitude of the RM effect was operationalised by computing
the weighted mean (WM) (Freyd & Finke, 1985; Hayes & Freyd, 2002),
which is a summary measure to represent the shift of the whole response
curve. First, the proportion of “same” responses for each of the eleven
offsets was calculated. Next, the proportions were multiplied by their
associated offset. Then, the obtained scores were summed-up across
offsets and finally divided by the sum of the proportions across offsets.
This procedure was performed in each individual participant separately
by speed. The effect of speed was analysed by a RM-ANOVA in R (R Core
Team, 2013), in which speed was imputed as a within-subject factor
(levels: 30, 50, 70°/s). In case of violations of sphericity, statistics were
corrected by Greenhouse-Geisser. Post-hoc t-tests were performed where
appropriate, and corrected by False-Discovery Rate (FDR) (Benjamini &
Hochberg, 1995).

2.2. Results

The RM-ANOVA showed a main effect of speed, F(1.81, 107.32) =
7.24,p =.001, ng = 0.109. Post-hoc analyses showed a larger RM effect
when comparing 30°/s (M = 0.16 + 0.54) with 50°/s (M = 0.23 £ 0.61)
t(59) = 2.24, prpr = 0.042, d = 0.29, and 70°/s (M = 0.28 + 0.62), t(59)
= 3.32, prpr = 0.004, d = 0.42. Results are depicted in Fig. 2.

2.3. Discussion

Results of Exp.1 showed a successful replication of the effect of speed
on the RM (Freyd & Finke, 1985) where its magnitude grew in function
of rotational speed with a smooth rotational motion paradigm. This
confirms previous findings on the effect of speed on the representational
momentum (Freyd & Finke, 1985) and extends them for the smooth
rotational motion paradigm (Hubbard & Bharucha, 1988; Schmiedchen
et al., 2013b), corroborating the susceptibility of motion extrapolation
to speed in an ecological setting where motion is not simply implied but
continuous.

3. Experiment 2
3.1. Methods

60 healthy adults (34 F, Age = 22.6 + 3.2) with normal/corrected-
to-normal vision and no history of psychological or neurological disor-
ders were enrolled in the study. All of them signed the informed consent
prior to participating. The trial structure employed in Exp.2 was
formally identical to the one employed in Exp.l. However, in the
learning phase (blocks 1-4, 660 trials), the bars were colored (azure,
orange, purple) and each color corresponded to a specific speed (30, 50,
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30 °/s, 50°/s, 70 °/s

Probe Offsets

-5°,-4°, 3°,-2°,-1°,0,1°, 2°, 3% 4°, 5°

Fixation
250 ms

Exp. 3
Explicit priors

Learning phase

30°/s /)\

Testing phase
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A

L | 50°/s
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0
50%/s \
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Color-cue mapping is explicitly
provided to participants
throughout the task

Fig. 1. (A) Schematic illustration of the representational momentum task. (B) Experimental manipulations. In Exp.1 all bars are grey and can equiprobably rotate at 3
different speeds (30, 50, 70°/s). In Exp.2 bars are colored depending on their rotational speed for the first 4 learning blocks, but in the subsequent 2 testing blocks all
speeds are set to (50°/s). The color-cue mapping is not provided to the participant. In Exp.3 the task is identical to the one of Exp.2, but participants are informed

about the color-speed mapping before the task and at every inter-block pause.

70°/s). In the subsequent testing phase (blocks 5-6, 330 trials) colors
were no longer informative about rotation speed, which was fixed at
50°/s for all trials (see Fig. 1B). The speed-color mapping was coun-
terbalanced across participants. At the end of the experiment, partici-
pants were administered a questionnaire assessing their awareness of
the color-speed mapping.

1) Did you notice anything in particular during the experiment?
2) Did the colors of the bars follow a rule?

a) If yes, what was the rule?

b) Did the colors always follow a rule?

Participants were not informed about the meaning of the colors up
until debriefing after the experiment.
The WM was computed in each individual participant and separately

for all combinations of the factor speed (30, 50, 70°/s) and phase
(learning, testing). The differential score (AWM) was computed by
subtracting the WM of 70°/s from the WM of 30°/s. Data were analysed
by means of a two-way RM-ANOVA with speed and learning as within
factors. In case of violations of sphericity, statistics were corrected by
Greenhouse-Geisser. Post-hoc t-tests were performed where appropriate
and corrected by FDR.

3.2. Results

Based on the questionnaire, participants remained strikingly naive to
the color-speed mapping in the experiment: only 5% (N = 3) of them
reported to have noticed something particular in the experiment,
36.66% (N = 22) reported that color changes followed a rule but only
8% (N = 5) reported a possible relationship between color and speed.
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Fig. 2. Results — Exp.1. (A) Dots indicate the proportion of “same” responses (y-axis) for each offset (x-axis) for each speed (red = 30°/s, green = 50°/s, blue = 70°/
s). (B) Dots represent the weighted mean (x-axis) for each speed. Error bars indicate the standard error. Asterisks indicate the level of statistical significance of post-
hoc tests (* prpr < 0.05, ** prpr < 0.01, ***, prpr < 0.001). (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)

Only 5% (N = 3) of participants reported that the rule changed at some
point in the experiment. The following analyses were performed by
excluding participants who reported that color changes followed a rule
(N = 5). The RM-ANOVA showed an interaction effect of speed and
phase F(2, 108) = 6.83, p =.002, ng = 0.11. Post-hoc analyses showed a
larger WM effect for 70°/s (M = 0.20 + 0.67) when compared to 30°/s
(M = 0.05 £ 0.52) during the learning phase t(54) = 2.97, pppr = 0.009,
d = 0.40 the opposite trend was found in the testing phase, with a larger
WM for 30°/s (M = 0.17 + 0.79) with respect to 70°/s (M = 0.01 +
0.95) t(54) = —2.19, pppr = 0.043, d = 0.29. The differential score
(AWM) computed by subtracting the WM of 70°/s from the WM of 30°/s
was also (M = 0.14 + 0.35) significantly different from the negative one
found for the testing phase (M = —0.16 + 0.54) t(54) = 3.51, prppr =
0.004, d = 0.47. Results are depicted in Fig. 3.

3.3. Discussion

The results of Exp.2 clearly show that implicit priors influenced the
effect of speed on the RM. That is, while the WM grew as a function of
the actual rotational speed during the learning phase, the exact opposite
pattern emerged in the testing phase, as expected. Specifically, the WM
was larger for cues previously associated with slower speed (30°/s) and
smaller for cues to higher speed (70°/s), despite the rotational speed
being equal across conditions (50°/s). The present result suggests that
participants successfully learned the color-speed mapping during
learning but combined this knowledge with low-level information (i.e.,
the actual speed of the inducer bar). As participants learned the color
associated with 70°/s, they likely perceived a downward speed shift
from the learning to the testing phase (from 70°/s to 50°/s) and over-
adjusted their responses, leading to a reduced WM. The same applies to
the upward speed shift from 30°/s to 50°/s where the WM increased.

This effect is likely stemming from a combination of learning and
selective adaptation to rotational speed. When a test stimulus moves
slower (i.e., testing phase) compared to the exposure/adaptation stim-
ulus (i.e., learning phase), the perceived speed will decrease during
testing (Gibson, 1937; Goldstein, 1957; Ledgeway & Smith, 1997). The
opposite applies when the test stimulus is faster than the exposure one
(Hammett, Champion, Morland, & Thompson, 2005; Hietanen, 2015;
Hietanen, Crowder, & Ibbotson, 2007; Smith & Edgar, 1991). Our results
suggest the presence of selective adaptation processes, based on the
learned color-speed mapping. The change in perception of speed at

testing, depending on the speed change between learning and testing
phases, modulated the effect of speed on the RM in the direction of the
speed change. All of those changes in behaviour occurred implicitly as
almost all participants were strikingly naive to i) the presence of a
relationship between colors and speed and ii) the presence of a change in
such a relationship.

The present pattern cannot be ascribed to motion aftereffects (MAE),
as they typically last only a few seconds (Culham et al., 1999; Mather,
Pavan, Campana, & Casco, 2008; Verstraten, Van Der Smagt, & Van De
Grind, 1998). Even if MAE had influenced the results, such effects would
have run out after a few trials out of the 330 total trials in the testing
phase (~20 min) and would have been canceled out by the remaining
ones. This rules out the possibility that the observed effect arises solely
from perceptual information, indicating instead that it depends on the
combination of implicitly learned priors during the learning phase and
perceptual information about rotational speed during the testing phase.
This extends previous findings pertaining to the visuomotor domain
(Van Es & Knapen, 2019; Zhou et al., 2022; Zoeller et al., 2019) showing
that implicit priors lead to adaptation also in the perceptual domain
during motion extrapolation.

4. Experiment 3
4.1. Methods

60 healthy adults (34 F, Age = 21.1 £+ 1.7) with normal/corrected-
to-normal vision and no history of psychological or neurological disor-
ders were enrolled in the study. All of them signed the informed consent
prior to participating. The study was carried out in concordance with the
ethical standards of the Declaration of Helsinki and approved by the
Ethical Committee of the San Raffaele Hospital, Milan and University of
Trento. The final sample size was set to N = 60 to ensure the compu-
tation of the main effect of speed, as in Exp.1 and 2 and to compare
results across experiments.

The paradigm of Exp.3 was identical to the one of Exp.2 with the
exception that participants were informed about the color-speed rela-
tionship before the experiment by the experimenter and by the in-
structions within the experiment program which were represented right
after each pause taken between the blocks. The instructions pertaining
to the color speed mapping said: “In the experiment you will be pre-
sented with colored rotating bars. Each color corresponds to a specific
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for the learning (blocks 1-4, left plot) and testing (blocks 5-6, right plot) phases. (C) Dots represent the differential weighted mean (AWM; x-axis), calculated by
subtracting the WM obtained at 30°/s from the one obtained at 70°/s for the learning and testing phases (x-axis). Error bars indicate the standard error. Asterisks
indicate the level of statistical significance of post-hoc tests (* prpr < 0.05, ** pppr < 0.01, ***, pppr < 0.001). (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)

rotation speed: azure = low speed, orange = medium speed, purple =
high speed” (see Fig.1B). The color-speed mapping was counterbalanced
across participants. After the experiment, participants were also asked to
report which color corresponded to each speed (presented as high,
medium or low speed) via a questionnaire.

4.2. Results

81.6% of participants (N = 49) correctly reported the color-speed
mapping after the experiment. Therefore, the following analyses were
performed by discarding the participants that did not correctly report
the color speed mapping (N = 11). The RM-ANOVA showed an inter-
action effect of speed and phase F(1.70, 81.69) = 4.7, p = .011, ng =
0.09. Post-hoc analyses showed that during the learning phase a larger
WM effect for 70°/s (M = 0.333 + 0.66) with respect to 30°/s (M = 0.15
+ 0.55) t(48) = 3.11, prpr = 0.009, d = 0.44, while no differences be-
tween learned speeds were found in the testing phase. The differential

score computed by subtracting the WM of 70°/s from the WM of 30°/s
was also significantly different (M = 0.18 + 0.40) from the null one
found for the testing phase (M = 0.02 + 0.50) t(48) = 2.45, prpr =
0.026, d = 0.35. Results are depicted in Fig. 4.

4.3. Discussion

Results from Exp.3 indicated that providing explicit information
about speed cues (i.e., color-speed mapping) did not lead to an adap-
tation to speed in the learning phase. This finding aligns with previous
evidence showing that explicit cues cannot induce adaptation in the
sensorimotor domain (Hutter & Taylor, 2018; Jahani et al., 2020; Van Es
& Knapen, 2019; Zhou et al., 2022; Zoeller et al., 2019). However, the
WM was not differentiated by color-speed cues during the testing phase
where all speeds were physically equivalent (50°/s). This suggests that
participants did not rely on explicit priors during testing, but rather only
used perceptual cues to perform the task, despite almost all participants
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version of this article.)

(81.6%) correctly reported the color-speed mapping in the post-
experiment questionnaire. It is possible that the influence of explicit
speed priors acquired during the learning phase was overridden by
perceptual information in the testing phase, where explicit speed cues
conflicted with sensory information. The availability of explicit infor-
mation might trigger monitoring processes (absent during implicit
learning) that constantly evaluate the validity of the rule by comparing
perceptual input with rule-based expectations. When the rule is con-
flicting with perceptual input, it is discarded generating a prediction
error. This monitoring process would likely require a stronger involve-
ment of attention. However, contrarily to this expectation, attention is
actually thought to enhance adaptation to motion speed (Bartlett, Graf,
Hedger, & Adams, 2019; Sunaert, Van Hecke, Marchal, & Orban, 2000).
If attention played a role in determining the present pattern, a strong
inversion of the WM across 30°/s and 70°/s speed cues would have been
observed, as seen in Exp.2. Therefore, the possibility that the present
pattern stems from attentional modulation to objects' features is weak.

To this regard, the generation of the prediction error is fairly automatic
(Friston, 2005) and is dissociated from the error awareness (Dumsky,
Maier, Di Gregorio, & Steinhauser, 2025). However, the present results
cannot clarify whether such monitoring processes would be determined
by conscious processes or not, and how they might impede or mask
adaptation processes.

5. Cumulative analyses of temporal dynamics of RM

While representational momentum is a widely studied phenomenon,
its temporal dynamics have never been properly addressed. Doing so
would possibly better characterise its putative “functional” relevance to
predictive and extrapolation processes (Hudson et al., 2016; Kimura,
2018, 2021; Pascucci & Plomp, 2021; Plunkett & Morales, 2025; Rao
et al., 2004; Schmiedchen et al., 2013a; Zucchini et al., 2023) which are
constantly tuned based on upcoming information to fight uncertainty
(Bottemanne, 2025; De Ridder et al.,, 2014; Friston, 2010), its
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permeability to implicit cues (Hubbard et al., 2009) and its sensitivity to
expertise (Anderson, Gottwald, & Lawrence, 2019; Blattler, Ferrari,
Didierjean, Van Elslande, & Marmeche, 2010). Moreover, it is reason-
able to think that the influence of explicit and implicit cues varies over
time by triggering adaptation or learning processes (Hutter & Taylor,
2018; Van Es & Knapen, 2019; Zhou et al., 2022), possibly acting on
solid priors (Merz et al., 2022).

Therefore, to explore the temporal dynamics of the effect of speed on
the RM as well as the different influences of implicit and explicit priors
over time, we computed the WM in consecutive subsets of trials along
the whole three experiments. The WM was computed from the propor-
tion of “same” responses in windows of 60 trials, sliding across the whole
dataset with a step of 10 trials. The width of the sliding window ensured
a sufficient amount of trials to compute proportions and the step size
granted smoothed estimates across time. This was done separately for
each participant, speed (30, 50, 70°/s) and phase (Learning, Testing).
For each speed, each unit of observation consisted in the ordered repe-
tition of that speed in the dataset in order to study the modulations of the
WM in function of quantity of exposition to a specific speed rather than
its unspecific modulations over time. This means that while each data
point refers to an observation recorded later in time with respect to the
previous data point, the two data points are not necessarily immediately
subsequent at the trial level (e.g., data point 1 may correspond to trial 7
while data point 2 may correspond to trial 10). We obtained WM esti-
mates for each participant and speed at 23 windows. Next, the AWM was
computed by subtracting the WM obtained at 30°/s from the one ob-
tained at 70°/s in each window. This index refers to the direction and
magnitude of the effect of real rotational speed in Exp.1, while in Exp.2
and Exp.3 is used to probe the effects of adaptation and response stra-
tegies across learning and testing phases. The AWM was analysed via
linear mixed effects model with the ‘lmerTest’ package (Kuznetsova,
Brockhoff, & Christensen, 2017) in R. The model included a third-degree
raw polynomial expansion of the “window” continuous predictor to
capture potentially nonlinear trends over time. The 3rd-degree poly-
nomial expansion resulted in a model with the lowest AIC when
compared to a simple linear predictor or a 2nd-degree polynomial. Fixed
effects included the main effects of polynomial-transformed Window
(linear, quadratic, and cubic terms) and Experiment (levels: 1, 2, 3), as
well as their interaction. The participant was included as a random
intercept. Among the 23 windows, windows from 1 to 16 only include
trials in the learning phase, while trials from windows 17 to 23 only
include trials from the testing phase. Note that in Exp.1 labeling win-
dows as pertaining to learning, transition and testing phases is mean-
ingless, but the data represents a “baseline” for Exp.2 and 3. Model
results were analysed via Chi-square tests (type III) and post-hoc tests
(FDR-corrected) were computed via ‘emmeans’ package (Lenth, Sing-
mann, Love, Buerkner, & Herve, 2018) in R. Observed power was
computed for the interaction between Window and Experiment via
simulation using the ‘simr’ package (Green & MacLeod, 2016) in R and
showed that with N = 164 the observed power was 0.99 [0.98.56
0.99.72]. Lastly, an explorative autocorrelation analysis was run on the
moving AWM separately within each experiment by computing corre-
lations between the AWM at each window and each of the remaining
windows. Outlier participants were removed from this analysis when
their AWM surpassed +3SD in more than 3 windows (N = 4). P-values
were FDR-corrected for multiple comparisons.

Chi-square tests performed on linear mixed models showed a sig-
nificant interaction between Window and Experiment y(6) = 31.99, p <
.001 and a main effect of Window x(3) = 69.32, p < .001. Model esti-
mates show a growing AWM for all experiments during the learning
phase, with the effect being most pronounced in Exp.3 (Fig. 5B). Exp.1
shows an oscillatory pattern over time, while Exp.2 shows a pronounced
dip where the AWM changes sign, clearly indicating the adaptation ef-
fect. Exp.3 also shows a dip over time; however, unlike Exp.2, it levels
off into a plateau approaching zero. Post-hoc tests were run comparing
the WM at each window between each experiment (FDR-corrected).

Cognition 273 (2026) 106534

During the learning phase (windows 1-16), the WM in Exp.3 was
significantly larger than the one of Exp.1 between the 4th and the 6th
window (all pppr < 0.05) but also larger than the one of Exp.2 between
the 4th and the 5th (all prpgr < 0.05). During the testing phase (windows
17-23), the AWM in Exp.2 was significantly more negative with respect
to Exp.1 (window 22-23; all pppr < 0.05). Next, we also tested for the
presence of linear, cubic and quadratic temporal trends of the AWM for
each experiment and compared them (See Table 1). Exp.1 showed no
significant linear, or cubic trends but only a marginally significant
inverted quadratic trend (M = —0.005 + 0.005, p = .053). Exp.2 showed
a significant inverted quadratic trend (M = —0.002 + 0.0003, prpr <
0.001) only. Exp.3 showed a significant negative linear trend (M =
—0.029 + 0.006, prpr < 0.001), a significant inverted quadratic trend
(M = —0.001 + 0.0004, prpr = 0.012) and a significant cubic trend (M
= 0.0001 + 0.00007, prpr = 0.021). When comparing trends across
experiments, Exp.3 showed a stronger negative linear trend with respect
to Exp.1 (pppr = 0.006) and Exp.2 (prppr = 0.006). Exp 2 also showed a
stronger inverse quadratic trend with respect to Exp.1 (pppr = 0.012)
and Exp.3 but this time only marginally significant (p = .052). Addi-
tionally, Exp.3 showed a marginally significant stronger cubic trend
with respect to Exp.2 (p = .025). These results show a steep linear
decrease of AWM in Exp.3 as compared to Exp.1 & 2, possibly due to a
larger growth of AWM in the learning phase. A quadratic decrease of
AWM over time was found in Exp 2 & 3, reflected by a concave down-
ward curve. The rate of decline of the curve was stronger in Exp.2
compared to Exp.1. A significant cubic trend was found only in Exp. 3, as
portrayed by the presence of at least two inflection points (see Fig. 5B,
C); this was only marginally stronger than the one of Exp.2. The results
of the autocorrelation analysis, depicted in Fig. 5D, show that while
Exp.1 and 2 show a comparable temporal autocorrelation profile where
every block correlates with the following 4-5 (possibly partially influ-
enced by the overlap in the moving windows), Exp.3 shows a stable and
diffused autocorrelation in the learning phase where every block cor-
relates with one another.

6. General discussion

The present study aimed at replicating the effect of speed on the RM
during smooth motion and investigating the role of implicit and explicit
priors on motion extrapolation, through three experiments. In partic-
ular, we evaluated priors' influence on objects' features that conse-
quently impact motion extrapolation without interacting with base-
rates.

First, we successfully replicated the effect of speed on the RM. Sec-
ond, we highlighted the differential influences of implicit and explicit
priors on speed perception in the context of motion extrapolation, where
implicit priors led to selective adaptation while explicit priors did not.
Furthermore, the time-resolved comparison between experiments
(Fig. 5C) showed that implicit cues to speed did not influence the
magnitude of the speed-induced modulation of RM (AWM), when
comparing the learning phase of Exp. 2 (implicit cues to speed) with the
temporally equivalent phase of Exp. 1 (no cues to speed). In contrast,
explicit speed cues (Exp.3) amplified the effect of speed on RM (AWM)
relative to when implicit cues were present (Exp.2) or absent (Exp.1) in
the same period. Instead, during the testing phase, implicit priors
(Exp.2) led to the inversion of the AWM, with WM becoming larger for
cues to slower speed (i.e. 30°/s) and smaller for cues to higher speed (i.e.
70°/s). Differently, when explicit priors were provided (Exp.3), AWM
approached zero, showing no induced differentiation based on the
previous exposition to the color-speed mapping in the learning phase.

This pattern of results confirms that while implicit priors (Exp.2) led
to implicit learning and selective adaptation, as portrayed by the
inversion of the AWM from learning to testing, explicit priors (Exp.3)
did not. Instead, receiving explicit information boosted the effect of
speed during the learning period as indicated by the larger AWM, sug-
gesting that participants indeed used explicit prior information during
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Fig. 5. Results of the cumulative time-resolved analysis. (A) Bars represent the differential weighted mean (AWM x-axis) calculated by subtracting the WM obtained
at 30°/s from the one obtained at 70°/s for the learning and testing phases (x-axis) for all experiments (orange = Exp.1, cyan = Exp.2, purple = Exp.3). Error bars
indicate the standard error. (B) Dots represent the AWM calculated in the time-resolved analysis for each of the 23 (learning: 1-16; testing: 17-23) windows for all
the experiments. Lines represent the mixed model fit with 95% CI. Black dashed lines underneath the colored ones represent data from the original experimental
blocks (N = 6) (C) Lines represent the model fits of AWM calculated in the time-resolved analysis. Black lines below represent the windows in which significant
differences were found between the AWM of all the experiments. Asterisks indicate the level of statistical significance of post-hoc tests (* prpr < 0.05, ** prpr < 0.01,
*** prpr < 0.001). (D) Autocorrelation matrices of the AWM of all the experiments. The color in each square represents the strength and direction of the correlation
coefficient (Pearson's p; red = positive, blue = negative) of the correlations of the AWM performed between all the couples of windows. Black borders and low opacity
indicate statistically significant correlations (p < .05). Dashed grey lines indicate the boundaries of each phase (learning, transition, testing). (For interpretation of the
Eeferences to color in this figure legend, the reader is referred to the web version of this article.)

<

Table 1
Post-hoc tests of polynomial trends of the liner mixed model on the AWM and contrasts.
Experiment Contrast
Trend type Exp.1 Exp.2 Exp.3 Exp.1vs 2 Exp.1vs 3 Exp.2vs 3
Linear —0.004 + 0.0054 —0.005 + 0.005 —0.029 + 0.006 z=0.11 z =3.03 z=2.85
Pror = 0.73 PFDR = 0.43 PFDR <0.001%** PFDR = 0.90 PEDR = 0.006%* PEDR = 0.006%*
Quadratic —0.0007 + 0.0003 —0.002 £ 0.0003 —0.001 £ 0.0004 z = 2.87 z = 0.64 z=-2112
PFDR = 0.053 PFDR <0.001%*** pFDR = 0.012* PFDR = 0.012* PFDR = 0.52 pFDR = 0.52
Cubic 0.00004 + 0.00006 0.00004 + 0.00006 0.0001 + 0.00007 z =0.93 z=-1.51 z=-2.37
PFDR = 0.53 PFDR = 0.53 PFDR = 0.021* PFDR = 0.35 PFDR = 0.19 PFDR = 0.053

the learning phase. Still, as soon as the explicit information deviated
from the ground truth during the testing phase, low-level perceptual
information possibly outweighed explicit priors, as shown by AWM
approaching zero (Fig. 5B,C). The autocorrelation analysis clearly
showed that while there is relatively similar autocorrelation in Exp.1
and 2, in which AWM in every window is correlated with values from
few previous windows as it would be expected considering the
smoothing approach employed, in Exp.3 there is a stable autocorrelation
within all windows in the learning phase which abruptly stops between
the transition and the testing phase (Fig. 5D). The stability of the
autocorrelation structure, which is absent in Exp.1 & 2, suggests that
providing explicit cues to speed induced the persistence of an internal
state characterised by an interaction between perceptual cues and
explicit priors. The enlargement of the AWM during learning might
likely stem from the correspondence between a rule acquired via explicit
priors and perceptual input, establishing a context where the rule is
valid. As soon as the rule mismatched from perceptual input in the
testing phase, AWM abruptly approached zero and the autocorrelation
suddently disappeared. This suggests that the rule was simply dropped
and participants relied more on low-level perceptual cues to speed (i.e.,
the actual rotation speed which was always 50°/s) to perform the task.

Therefore, providing explicit priors likely modulated the weight of
perceptual input depending on context. When explicit priors match
perceptual input, they may optimize perceptual decision making by
lowering the weight of perceptual information and reducing computa-
tion costs and this would reasonably explain why an effect of selective
learning and adaptation was not found as in Exp.3. Instead, when
explicit priors do not match with perceptual input, perceptual cues
regain the weight in the decision making process. Therefore, even if
explicit priors “targeted” object features that later influence motion
extrapolation and not directly base-rates (Tarasi et al., 2022, 2023;
Thakur et al., 2021), they still likely influenced the decision making
process more rather than perception itself.

Overall, the present studies show that implicit and explicit priors
pertaining motion speed — a pivotal information to perform motion
extrapolation — act at different levels of perceptual decision making. In
particular, only implicit priors appear to influence perceptual processes
by inducing adaptation, whereas explicit information seems to affect
more decision making by reweighting perceptual input, in line with
results from the visuomotor domain (Hutter & Taylor, 2018; Jahani
et al., 2020; Van Es & Knapen, 2019; Zhou et al., 2022; Zoeller et al.,
2019). This nicely aligns with the notion that implicit and explicit priors
act via different mechanisms (Bond & Taylor, 2015; Thakur et al., 2021),
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even when priors pertain to stimulus features rather than base rates
directly.

Importantly, results provided some patterns which can be explained
by the speed prior account (Merz et al., 2022). In Exp. 2, it is reasonable
to think that providing implicit color cues to rotation speed during the
learning phase resulted in a shift of the speed prior — that would be the
“default” expectation about moving objects' speed — towards the actual
speed of moving objects. While the difference is not statistically signif-
icant, the higher WM (across speeds) observed in Exp 1 (M = 0.22 +
0.05) and 2 (M = 0.13 £ 0.05) during the learning phase, might suggest
that the propulsion of the offset is reduced in magnitude as a result of the
shift of speed priors towards the real speeds in Exp.2. In Exp. 3, where
explicit cues to speed did not alter the averaged WM much (M = 0.25 +
0.05) with respect to Exp.1, the growth in the AWM during the learning
phase (Fig. 5C) might still have been fostered by a shift of the prior
speeds towards the actual speed. Nonetheless, data pertaining to
perceived position of motion onset and offset, which would be necessary
to study the continuum of spatial biases properly (Merz et al., 2022),
were not recorded in the present work. Future studies should consider
acquiring this data to investigate effects of prior manipulation, possibly
at the individual level.

Few interesting questions remain open. First, it is unclear whether
the results of Exp.3 stem from the interaction between implicit and
explicit priors or from explicit priors alone. In other words, do explicit
priors impede adaptation altogether, or is there a competition between
implicit and explicit priors during motion extrapolation? Adaptation to
motion speed is thought to be a fairly automatic process occurring
within motion sensitive neural areas such as V5/MT+ (Burton, McKee-
fry, Barrett, Vakrou, & Morland, 2009; Lingnau, Ashida, Wall, & Smith,
2009) along the dorsal visual stream, which is the primary pathway for
motion processing (Livingstone & Hubel, 1988; Morrone et al., 2000). In
addition, neural responses related to the perception of speed changes
occur after ~200-300 ms from stimulus presentation (Amano, Nishida,
& Takeda, 2006, p. 200). The fact that adaptation to motion speed oc-
curs in secondary visual areas, also receiving projections from frontal
and pre-frontal regions (Di Dona & Ronconi, 2023), and that speed-
induced modulations emerge relatively late in time, suggests the possi-
bility for their modulability, operated by top-down processes fed by
explicit information (Schendan, Searl, Melrose, & Stern, 2003). There-
fore, while results highlighted the differences concerning motion
extrapolation induced by implicit and explicit priors, we cannot
conclude that providing explicit priors impeded the formation and
exploitation of implicit priors in Exp.3.
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Another important aspect pertains to the temporal dynamics of the
influence of implicit and explicit priors. Results showed that implicit
priors lead to selective learning and adaptation (i.e., AWM reversal in
Exp.2), while explicit priors did not (i.e., AWM approached zero in
Exp.3). However, we cannot exclude that explicit priors could have led
to a AWM reversal if given additional time. While this issue clearly
applies to any study investigating temporal dynamics of psychological
processes, future studies could use longer testing phases to better
investigate the temporal unfolding of these processes.

A last important metacognitive aspect, which remained untested in
the present study, pertains to the confidence of participants while per-
forming perceptual decisions. A recent study showed that while both
implicit and explicit base-rates priors can bias perceptual decision
making, only explicit priors boost confidence ratings (Schorn &
Knowlton, 2025). Further studies should consider acquiring this infor-
mation as it would provide an index of the weight given to explicit
priors, trial by trial.

In conclusion, the present work shows that implicit and explicit
priors targeting perceptual processes shape motion extrapolation by
inducing adaptation or strategy use, respectively. Therefore, the priors'
locus of action (i.e., perception or decision-making) appears to be
determined by their informational format (i.e., implicit or explicit)
rather than by their intended target, irrespective of whether such priors
are informative about perceptual features of moving objects or base-
rates.
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