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Attractive serial dependence – a bias whereby the current stimulus appears more similar to the previous ones – is
thought to reﬂect a stability mechanism integrating past and current visual signals. Prior work suggests that
serial dependence originates from both perceptual and cognitive mechanisms, but the conditions under which
this attractive bias occurs remain to be studied. In particular, whether serial dependence can occur solely from
memory interference remains unclear. Here, we address this question by testing the hypothesis that if memory
interference is suﬃcient to generate serial dependence, it should occur within memorized stimuli irrespective of
the order of stimulus presentation. In Exp. 1, we used a numerosity estimation task in which participants estimated the number of dots of a brieﬂy ﬂashing dot-array comprising 8 to 32 dots. The pattern of serial dependence was found in that numerical estimates of a dot array were biased towards the numerosity of the preceding
dot array. In Exp. 2, we presented a series of three such dot arrays, and cued the one to be estimated only after
the whole series was presented, making the participants ﬁrst form a memorized representation of the three dot
arrays. The results show a pattern of attractive biases both in the forward (the stimulus presented before biases
the one presented after) and the backward (the stimulus presented after biases the one presented before) directions. Overall, our results demonstrate that serial dependence can be induced solely from memory interference and that this interference can operate irrespective of the chronological order of the stimulus presentation.

1. Introduction
Visual perception is not constructed by assembling a series of static
snapshots of the external world. Instead, how we perceive stimuli in our
subjective present is aﬀected by the recent history of stimulation. For
instance, one of the most studied contextual or stimulation history effects is perceptual adaptation: after a relatively long stimulation (e.g.,
varying from tens of milliseconds to several seconds depending on the
context), sensory responses get recalibrated so that the response to a
subsequent stimulus is repulsed away from the adapting stimulus (e.g.,
see Kohn, 2007 for a review). Adaptation occurs at many levels across
the sensory processing pathways and at many timescales, and thus inﬂuences many aspects of perception (e.g., Brown & Masland, 2001;
Boynton & Finney, 2003; Montaser-Kouhsari, Landy, Heeger, & Larsson,
2007; Kohn & Movshon, 2003; Kohn, 2007; Glasser, Tsui, Pack, &
Tadin, 2011).
While adaptation has a repulsive eﬀect on perception – eﬀectively
making successive stimuli to appear more diﬀerent – attractive eﬀects
have also been documented. A recent line of research has started to
focus on such attractive eﬀects, called serial dependencies, and their
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functional signiﬁcance and physiological properties. Similarly to
adaptation, attractive serial dependence has been documented across a
large variety of visual features. Indeed, attractive biases have been
observed in domains spanning from basic perceptual attributes such as
orientation (Fischer & Whitney, 2014), numerosity (Cicchini, Anobile,
& Burr, 2014; Corbett, Fischer, & Whitney, 2011; Fornaciai & Park,
2018a, 2018b, 2019a), position (Bliss, Sun, & D’Esposito, 2017;
Manassi, Liberman, Kosovicheva, Zhang, & Whitney, 2018), and motion
(Alais, Leung, & Van der Burg, 2017), to more complex perceptual attributes such as faces (Liberman, Fischer, & Whitney, 2014; Xia, Leib, &
Whitney, 2016; Liberman, Manassi, & Whitney, 2018), stimulus variance (Suárez-Pinilla, Seth, & Roseboom, 2018), and summary statistics
(Manassi, Liberman, Chaney, & Whitney, 2017), and have also been
shown to generalize across diﬀerent stimulus presentation formats
(Fornaciai & Park, 2019b).
However, many properties of attractive serial dependence are still
unknown. For instance, whether the attractive bias has origins in perception or in memory has been hotly debated. On the one hand, it has
been proposed that the serial dependence reﬂects the outcome of a
“continuity ﬁeld,” whereby current and past visual information is
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Furthermore, in Exp. 2 we presented a sequence of three diﬀerent dot
arrays on each trial, and after the sequence we cued which one the
participant had to estimate. Using such a sequence of multiple potential
target stimuli, we have two speciﬁc predictions concerning the possible
perceptual and memory eﬀects. Namely, while a perceptual eﬀect (i.e.,
aﬀecting the perceptual representation, and hence the appearance, of a
stimulus) should strictly follow the temporal order of the sequence of
stimuli, a memory eﬀect would occur irrespective of that – i.e., memory
interference could occur after a stimulus has been perceived. More
speciﬁcally, while in the ﬁrst case we should observe an eﬀect provided
by the earlier-presented stimuli on later-presented stimuli and not vice
versa, the interference between diﬀerent representations held in
memory could occur irrespective of which stimulus was presented ﬁrst.
Results from this experiment show an attractive bias working both in
the “forward” (i.e., the preceding stimulus aﬀecting its successor) and
in the “backward” direction (i.e., the successor aﬀecting the preceding
stimulus), which suggests that serial dependence can occur solely from
memory interference.

integrated to smooth out noise from neural signals in the service of
visual stability and continuity (Fischer & Whitney, 2014). Such an account based on visual stability and continuity has been challenged on
the ground that the bias may arise at the memory/decision stage
(Fritsche, Mostert, & de Lange, 2017; Bliss et al., 2017), thus arguing it
as a more “cognitive” rather than “perceptual” eﬀect. Moreover, while
the continuity ﬁeld is based on a relatively low-level mechanism
(Fischer & Whitney, 2014), it has been recently proposed that the eﬀect
may originate at a relatively high-level, read-out, stage. According to
this view, serial dependence would emerge either due to lingering
“decisional templates” at the level of perceptual decision (read-out)
units (i.e., the set of read-out weights used to form a perceptual representation out of the low-level population activity of sensory neurons;
Pascucci et al., 2019), or by means of modulatory feedback signals sent
to low-level sensory areas (Fornaciai & Park, 2019a). Crucially, even if
the bias occurs at a high-level stage, it could still aﬀect perception directly, eﬀectively biasing the appearance of a stimulus.
Such diﬀerent interpretations of serial dependence eﬀects stem from
the fact that experimental results are currently mixed, with some studies showing a signature of a perceptual eﬀect, and other studies
showing a contribution from memory and decision processes. For instance, on the one hand, some behavioral results show that the eﬀect
mostly depends on the past stimulus rather than past responses, suggesting that, at least in this context, decision processes play only a little
role in the observed eﬀect (Cicchini, Mikellidou, & Burr, 2017). It is
worth it mentioning however that other studies (e.g., St. John-Saaltink,
Kok, Lau, & de Lange, 2016) instead observed a more prominent role of
past responses, as opposed to past stimuli. Whether serial dependence
operates based on past stimuli or past responses may thus depend on
the stimuli (i.e., their noisiness) and task used. Moreover, electroencephalography results show that brain responses are biased by the
previous stimulus at extremely early latencies after stimulus onset,
suggesting that serial dependence starts at the earliest levels of perceptual processing (Fornaciai & Park, 2018a; Fornaciai & Park, 2020).
Other evidence supports the idea of a perceptual eﬀect, but further
suggests a relatively high level origin of this bias. Namely, it has been
shown that the eﬀect depends on attention (Fischer & Whitney, 2014;
Fornaciai & Park, 2018b), it requires awareness of the stimuli
(Fornaciai & Park, 2019a), and even generalizes across stimuli with
widely diﬀerent low-level sensory properties (Fornaciai & Park, 2019b).
As mentioned above, recent accounts of serial dependence consistent
with these ﬁndings concern a bias provided by lingering traces of past
decision templates (Pascucci et al., 2019) or high-level modulatory
feedback signals aﬀecting early sensory activity (Fornaciai & Park,
2018a; Fornaciai & Park, 2019a). On the other hand, there is evidence
that serial dependence has a source in memory processes. The attractive
bias increases with increased time between the stimulus presentation
and the behavioral response, implicating a modulation of the eﬀect
during working memory storage (Fritsche et al., 2017; Bliss et al., 2017;
but see Manassi et al., 2018 for results opposing this point). Due to the
variability in ﬁndings across diﬀerent studies and paradigms, whether
serial dependence is a unitary phenomenon remains unclear. Indeed,
widely diﬀerent mechanisms (i.e., a bias in perceptual processing or an
interference between memory traces) may result in similar eﬀects at the
behavioral level. Therefore, an important point that needs to be investigated in this context is the conditions under which serial dependence arises, to understand the contexts leading to perceptual or
memory eﬀects.
In the present work, we aim to address this question in the context
of numerosity perception. In Exp. 1, we ﬁrst employed a simple numerosity estimation task in which the participant reported the estimated number of a dot array using the number pad, in order to assess
whether numerosity estimation is aﬀected by serial dependence. Doing
so, we conﬁrmed that numerosity estimation performance is indeed
robustly and systematically aﬀected by serial dependence, with the
strongest eﬀect provided by the immediately preceding trial.

2. Methods
2.1. Participants
A total of 66 subjects participated in the study (51 females, mean
age = 20.7, SD = 1.8 years). Subjects were compensated with course
credits for their participation. All participants had normal or correctedto-normal vision, and provided a written informed consent prior to
taking part in the study. All the experimental procedures were approved
by the Institutional Review Board of the University of Massachusetts
Amherst and were in line with the Declaration of Helsinki. Six participants were excluded before data analysis due to poor motivation or
because they could not complete the experiment.
2.2. Apparatus and stimuli
Visual stimuli were generated using the routines provided by
Psychophysics Toolbox (Brainard, 1997; Kleiner et al., 2007; Pelli,
1997) for Matlab (version r2016b; The Mathworks, Inc.). During the
experiment, stimuli were presented on a monitor screen encompassing
approximately 35 × 20 degrees of visual angle (from a viewing distance of about 80 cm; resolution = 1920 × 1080 pixel), and running at
144 Hz.
All the stimuli were arrays of black and white dots presented on a
gray background. Each dot was randomly positioned within a virtual
circular area (i.e., ﬁeld area, see below), with possible positions only
constrained by keeping a minimum inter-dot distance equal to at least
the radius of one dot. In Exp. 1, one dot-array stimulus was presented in
each trial, while in Exp. 2 a sequence of three dot arrays was presented
in each trial. Following a technique used in previous studies (e.g.,
DeWind, Adams, Platt, & Brannon, 2015; Park, Dewind, Woldorﬀ, &
Brannon, 2016), all the stimuli were systematically constructed to span
equal ranges in three orthogonal dimensions, reﬂecting numerosity, size,
and spacing. Besides numerosity, the two other dimensions orthogonal
to it (size and spacing) were obtained by logarithmically scaling and
combining the area of the individual items and the total area occupied
by all the items in an array, or the area of the circular ﬁeld containing
the dots and the sparsity of the items (i.e., the inverse of the density of
the array). The dot-array stimuli across both experiments were modulated across 11 levels of each dimension. For more details about this
stimulus construction procedure, see Park et al. (2016) and DeWind
et al. (2015). Note, however, that since the eﬀect of serial dependence
on numerosity estimation performance was the main goal of the present
work, we collapsed together the diﬀerent non-numerical dimensions for
data analysis.
The stimulus parameters were set as follows. Dot-array stimuli included 8, 9, 11, 12, 14, 16, 18, 21, 24, 28, or 32 dots. Regarding the
2
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previous trials (spanning from n-1 to n-7), as well as the stimulus in the
immediately successive trial (n + 1) as a control. A linear function was
ﬁtted to the data arranged in this way, individually for each participant
and separately for each condition assessing the inﬂuence of diﬀerent
preceding (or successive) trials. The slope of the linear ﬁt (henceforth
referred to as “serial dependence eﬀect”) was taken as an index of the
bias provided by past stimuli on current numerical estimates (Cicchini
et al., 2014): a negative slope represents a repulsive eﬀect, and a positive slope indexes an attractive eﬀect. Additionally, the serial dependence eﬀect was assessed in a number-by-number fashion. Namely,
we computed the serial dependence eﬀect by pooling all the trials in
which a speciﬁc number was presented, and again computing the estimation error in the current trial as a function of the stimulus presented
in the previous trial (limited to the n-1 case). In both cases, the signiﬁcance of serial dependence eﬀects was assessed individually using
one-sample t-tests against a null hypothesis of zero eﬀect (i.e., either for
individual trial-back conditions, or for individual numerosities). To
control for multiple comparisons, the signiﬁcance level of individual ttests was corrected using a false discovery rate (FDR) correction
(Benjamini & Hochberg, 1995), with the critical threshold of the false
discovery rate (q) of 0.05. In those cases, we reported the FDR-adjusted
p-values in the Results section. Furthermore, a one-way repeated
measures ANOVA (either with factor “trial back” or with factor “numerosity,” respectively for the two analyses) was used to assess the
overall pattern and compare the diﬀerent conditions against each other
by means of post-hoc tests.
In Exp. 2, we ﬁrst analyzed the general estimation performance as in
Exp. 1. A series of one-sample t-tests against the diﬀerent veridical
numerosities was used to assess whether numerical estimates deviate
from the presented numerosity, while a one-way repeated measures
ANOVA (with factor “numerosity”) was used to assess CoVs.
Additionally, both numerical estimates and CoV were compared to the
results of Exp. 1 using a two-way ANOVA with factors “numerosity” and
“experiment.” Regarding serial dependence, a similar analysis compared to Exp. 1 was performed to assess the eﬀect of the three stimuli in
the sequence on each other. Namely, we separately assessed the inﬂuence (in terms of slope of a linear ﬁt to the response error as a function
of previous/successive stimulus numerosity) of the ﬁrst and second
stimulus in cases when the third one was cued, the ﬁrst and the third on
the second one, and the second and the third on the ﬁrst one. The
signiﬁcance of serial dependence eﬀects across the diﬀerent conditions
was assessed using one-sample t-tests against a null hypothesis of zero
eﬀect. Moreover, we also compared the diﬀerent conditions by using a
two-way repeated measures ANOVA. In this context, we entered as
factors the “target stimulus” (i.e., ﬁrst, second, or third selected as the
target stimulus), and the “comparison” type, which was coded as 1 and
2 for all pairs of conditions (i.e., eﬀect of the ﬁrst and second stimulus
in the case of the third selected as relevant, and so on) included in each
target stimulus condition. In addition, the serial dependence eﬀects
across diﬀerent trials were assessed by quantifying the bias induced by
each of the three stimuli presented in the previous trial on the stimuli
presented in the current trial, separately for the conditions in which
diﬀerent stimuli were cued to be reported in the estimation task. The
signiﬁcance of such eﬀects was ﬁrst assessed with a two-way repeated
measures ANOVA, with factors based on the stimulus in the previous
trial and the one in the current trial, followed by a series of one-sample
t-tests against zero. In all cases, the signiﬁcance level of individual ttests was corrected by means of a FDR procedure, as in Exp. 1.
Finally, we devised a series of simulations to test for the possible
role of swap errors in the observed pattern of results (Bays, 2016; Bays,
Catalao, & Husain, 2009; Pratte, 2019). Indeed, any pattern of attractive serial dependence or memory bias could be alternatively explained
by occasional mistakes where the previous stimulus (or another stimulus in the sequence in Exp. 2) is reported instead of the correct one.
To assess the possible eﬀect of swap errors in Exp. 1, we simulated the
performance of a number of participants and trials equal to the real

other non-numerical dimensions, the minimum individual dot area was
set to 176 pixel2 (0.06 deg2), equal to a diameter of 0.28 deg (15 pixel
pixels), while the maximum individual dot area was 707 pixel2
(0.24 deg2), equal to a diameter of 0.56 deg (30 pixel). The minimum
ﬁeld area (i.e., the virtual circular area where the dots were drawn) was
set to 70,686 pixel2 (23.9 deg2), encompassing 5.5 deg (300 pixels),
while the maximum ﬁeld area was 282,743 pixel2 (95.7 deg2), encompassing 11 degrees in diameter (600 pixels). In all cases, the individual dot size was kept equal within an array.
2.3. Procedure
In Exp. 1, participants performed a numerosity estimation task.
Namely, while participants ﬁxated on a central ﬁxation cross, the probe
dot-array was presented for 250 ms at the center of the screen (replacing the ﬁxation cross). After the stimulus presentation, the question
“how many dots?” appeared on the screen below the ﬁxation cross, and
participants were instructed to report the number of dots by entering
the number on the numerical pad of a standard keyboard. Numbers
were displayed on the screen, and participants had the possibility to
correct their response by pressing backspace and deleting each entered
number. When ready, subjects were instructed to press enter to conﬁrm
the response, and the next trial started automatically after a pause of
1350–1450 ms. See Fig. 1A for a depiction of the experimental procedure. To provide a reference range for performing the estimation task,
but without revealing the real numerosity range, participants were told
that the stimuli could be from 6 to 40 dots. This strategy was used to
introduce some uncertainty about the extreme stimuli in the range (i.e.,
8 and 32).
In Exp. 2 the procedure was very similar, except that a sequence of
three dot-array stimuli was displayed on the screen in each trial. Each
stimulus was displayed for 250 ms, with an inter-stimulus interval of
450 ms. After the stimulus presentation, a cue appeared on the screen
(after 350 ms from the oﬀset of the last stimulus) indicating which
probe stimulus in the sequence the participant had to estimate (i.e., 1,
2, or 3; respectively for the ﬁrst, second, or third stimulus in the sequence). A depiction of the experimental procedure used in Exp. 2 is
shown in Fig. 1B In this experiment, in order to avoid typos, participants' responses were constrained so that they could not enter a response lower than 6 or higher than 40. Participants completed 8 blocks
of 55 trials in Exp. 1, and 10 blocks of 55 trials in Exp. 2 (with the
exception of one participants who completed 7 blocks in Exp. 1 and one
who completed 9 blocks in Exp. 2 due to time constraints). Before
starting the experiment, participants were shown a brief tutorial
showing several examples of the stimuli with the actual numerosity
indicated on the screen, in order to familiarize themselves with the task.
An entire experimental session took about 50 min, and participants
were free to take breaks between blocks.
2.4. Data analysis
In Exp. 1, we ﬁrst analyzed the numerosity estimation performance
and excluded trials where the response was either lower than 6 or
higher than 40, in order to exclude typos from being included in the
analysis. Estimation performance was evaluated by assessing the
average reported numerosity for each actual level of numerosity in the
range, and computing the coeﬃcient of variation (CoV; the standard
deviation of numerical estimates divided by the physical numerosity) as
a measure of precision. The extent to which average subjective reports
deviate from the veridical magnitude at diﬀerent numerosity levels was
assessed with a series of one-sample t-tests against the actual numerical
magnitude. We also assessed how precision (CoV) in the task varied as a
function of numerosity with a one-way repeated measures ANOVA with
factor “numerosity.” To assess the serial dependence eﬀect, the estimation error (response – stimulus veridical numerosity) in the current
trial (n) was plotted as a function of the stimulus numerosity in the
3
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Fig. 1. Procedure. (A) Stimulus presentation procedure in Exp. 1. On each trial, a single probe dot-array stimulus (containing 8–32 dots) was presented at the center
of the screen for 250 ms. After the oﬀset of the stimulus, participants were asked to estimate the number of dots in the probe stimulus by typing the number on a
keyboard. The number appeared on the screen while typing. After the participant conﬁrmed the response by pressing enter, the next trial started automatically after
1350–1450 ms. (B) Stimulus presentation procedure in Exp. 2. In the second experiment, a series of three diﬀerent dot-array stimuli was presented in each trial, each
of which presented at the center of the screen for 250 ms, with an inter-stimulus interval of 450 ms. At the end of the sequence, participants had to estimate only the
target probe stimulus which was indicated with a cue (1, 2, or 3, corresponding to the ﬁrst, the second, or the third stimulus in the sequence) appearing on the screen
350 ms after the oﬀset of the last stimulus. After providing the estimate, the next trial started automatically after 1350–1450 ms. Note that stimuli are not depicted in
scale.

In the case of Exp. 2, we performed a similar simulation, with the
exception that swap errors were assumed to be more frequent (swap
error rate of 5%; again based on Bays, 2016) and dependent on the
target stimulus position in the sequence. Namely, when the ﬁrst stimulus was selected as target, we assumed that most of the swaps (66%)
would be made with the immediately successive one (the second), and
fewer errors (33%) would be based on the third one (i.e., see for instance Pratte, 2019 for the eﬀect of item distance in determining swap
errors). Similarly, in the case of the third stimulus selected as target, the
eﬀect would be based most of the times (66%) on the immediately
preceding one, and fewer times (33%) on the ﬁrst stimulus in the sequence. In the case of the second stimulus, swap errors were predicted
to be symmetrically distributed between the ﬁrst and the third (50%/
50%). The results showed patterns incompatible with the empirical
data. That is, in the case of the second stimulus, simulation results
showed a nearly perfectly symmetrical eﬀect of the preceding and
successive stimulus (slope = 0.95 in both cases), which were not observed in real data. The simulation results showed an eﬀect of the ﬁrst
stimulus to the third and vice versa (average slope = 0.06 in both
cases), which again were not observed in real data. Finally, we again
observed much higher average R2 values for the ﬁts to the real data

experiment. In each trial, the expected response was based on the numerosity selected, with the addition of an error term based on the
average CoV measured in the experiment. In a subset of trials (2%,
based on Bays, 2016), the response was instead based on the stimulus
selected in the previous virtual trial, to simulate a swap error. We then
compared the average estimate of the eﬀect (i.e., slope of the linear ﬁt)
of the simulated data with the empirical results. At the same time, we
evaluated the average R2 of a linear ﬁt to the simulated data and
compared it to the average R2 measured with the real data, with the
rationale that response distribution in the case of swap errors would be
mostly centered on the veridical numerosity with a small proportion of
“outlier” responses, which would result in a much lower goodness of ﬁt,
in contrast to the case of serial dependence which would be represented
by a uniform bias across all trials. The simulation results ﬁrst showed
that swap errors were insuﬃcient to generate an eﬀect similar to what
we observed in Exp. 1 (i.e., mean slope = 0.068–0.12, compared with
the observed slope of 0.23 at trial n-1). Next, we observed a substantially higher R2 in the case of the real data (mean ±
SD = 0.021 ± 0.02, compared with 0.004 ± 0.0002 obtained with
the simulation), together making serial dependence a more likely explanation than swap errors in Exp. 1.
4
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Fig. 2. General estimation performance results and individual serial dependence eﬀect in Exp. 1. (A) Average estimated numerosity as a function of stimulus veridical
numerosity. Error bars are SEM. (B) Example of how the serial dependence eﬀect was assessed at the individual level, for one representative participant in Exp. 1. The
distribution of estimation errors (response – veridical numerosity) was plotted as a function of the numerosity in the previous trial (n-1). The thick line represents a
linear ﬁt to all the data. The slope of the linear ﬁt was taken as an index of the serial dependence eﬀect. Dots represent individual trials. Note that such a pattern of
serial dependence is unlikely to be explained by trivial swap errors whereby on occasional trials the previous stimulus is mistakenly reported instead of the current
one, as demonstrated by the simulation reported in the Methods section (see Data analysis).

estimation, at the individual level. As shown in the ﬁgure, a positive
slope of the linear ﬁt indexes an attractive eﬀect: when a low number
was presented in the previous trial, participants tended to underestimate the numerosity of the current trial (i.e., negative estimation
error); when a high number was presented in the previous trial, participants tended to overestimate the numerosity of the current trial (i.e.,
positive estimation error). First, this analysis was performed individually across all the trials, to assess the magnitude of serial dependence eﬀect at the group level, considering a wide range of past
trials (from the previous trial, n-1, to seven trials back, n-7), as well as
the successive, future, trial (n + 1) as a control (Fig. 3A).
Fig. 3A shows the serial dependence eﬀect across a range of past
trials. The strongest eﬀect was provided by the immediately preceding
trial (n-1; average eﬀect = 0.232 ± 0.025; one-sample t-test against
zero, t(31) = 9.08, p < 0.001, d = 1.64), while at trials further back
in time all the eﬀects are close to zero or slightly negative (i.e., repulsive). At n-2, no signiﬁcant eﬀect was observed (t(31) = −0.71,
p = 0.486), while at trial n-3 a small but signiﬁcant negative eﬀect
emerged (average eﬀect = −0.042 ± 0.015; t(31) = −2.71,
p = 0.043, d = 0.48). At trials further back in the past, no signiﬁcant
eﬀect was observed (n-4 to n-7, average eﬀect spanning from −0.024 to
−0.052; all p-values > 0.05). As a control for our data, we also assessed the eﬀect at n + 1 – that is, the eﬀect provided by the immediately successive trial. As expected, no signiﬁcant eﬀect was observed (average eﬀect = 0.027 ± 0.015; t(31) = 1.80, p = 0.13). This
shows that while the numerosity in the immediately preceding trial
exerts a systematic attractive eﬀect on numerical estimates in the current trial, stimuli further back in the past have mostly a negligible inﬂuence, or even provide a small repulsive eﬀect. Furthermore, we used
a one-way ANOVA with factor “trial back” to assess the overall pattern
of eﬀects. Doing so, we found a signiﬁcant main eﬀect of trial back (F
(7,31) = 24.74, p < 0.001, ηp2 = 0.44). With a series of post-hoc
tests, we also found that such an eﬀect was exclusively driven by the n1 condition, which resulted to be signiﬁcantly diﬀerent from all the
other conditions (t(31) ranging from 7.71 to 10.72, all p-values <
0.001). All the other comparisons did not show any signiﬁcant difference. Also the condition showing a repulsive eﬀect (n-3) did not
result to be signiﬁcantly diﬀerent from other conditions showing no
eﬀect in the previous analysis (t(31) ranging from 0.52 to 1.42, all pvalues > 0.924).
Furthermore, we also assessed how individual numbers are

(0.010–0.012 in the simulated dataset, 0.017–0.024 in the real dataset).
These results collectively suggest that the current results are unlikely to
be explained by swap errors.
3. Results
3.1. Experiment 1
First, we assessed the general estimation performance in the task.
Fig. 2A shows the average estimated numerosity as a function of veridical numerosity. Overall, responses were noticeably compressed, with
a slight overestimation at the lower end of the range and underestimation at the higher end of the range, in line with previous studies
(e.g., Arrighi, Togoli, & Burr, 2014; Cicchini et al., 2014). Indeed,
running a series of one-sample t-tests (against veridical numerosity)
shows that average estimates signiﬁcantly deviate from the stimulus
veridical numerosity, in terms of overestimation, for stimuli ranging
from 8 to 14 (one-sample t-tests, 8: t(31) = 4.01, p < 0.001, Cohen's
d = 0.71; 9: t(31) = 4.03, p < 0.001, d = 0.72; 11: t(31) = 2.96,
p = 0.006, d = 0.52; 12: t(31) = 3.84, p < 0.001, d = 0.68; 14: t
(31) = 2.79, p = 0.009, d = 0.49), while a signiﬁcant underestimation
was observed for stimuli from 24 to 32 (24: t(31) = −2.93, p = 0.006,
d = 0.52; 28: t(31) = −5.97, p < 0.001, d = 1.05; 32: t
(31) = −7.13, p < 0.001, d = 1.26). No signiﬁcant deviation of
average subjective reports was observed in the range spanning from 16
to 21 (16: t(31) = 1.07, p = 0.29; 18: t(31) = 0.36, p = 0.72; t
(31) = −1.39, p = 0.17).
To assess how estimation precision (coeﬃcient of variation, CoV;
data not shown) varied as a function of numerosity, we used a one-way
repeated measures ANOVA on CoV with the factor “numerosity.” While
precision measures appeared to be lower (i.e., higher precision) at the
extremes of the range (average CoV = 0.176 ± 0.018,
0.182 ± 0.009, and 0.160 ± 0.007, respectively for 8, 28, and 32),
compared to the middle range (9–24; average CoV spanning from 0.212
to 0.256 at 12, which showed the lowest precision), the test results did
not show any statistically signiﬁcant diﬀerence (F(10,31) = 1.41,
p = 0.172). The average CoV ( ± SD) across the range was
0.217 ± 0.031.
Besides these general measures of performance, the main results
concern the serial dependence eﬀect. Fig. 2B shows an example of how
we deﬁned the serial dependence eﬀect in the context of numerosity
5
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Fig. 3. Serial dependence eﬀects in Exp. 1. (A) Serial dependence eﬀects provided by the numerosity presented in previous trials, ranging from the immediately
preceding trial, to seven trials back. The following trial was also assessed as a control, as no eﬀect is expected to arise as a function of a future trial. (B) Serial
dependence eﬀects as a function of numerosity in the current trial. This analysis shows how diﬀerent numerosities are susceptible to serial dependence eﬀects. Error
bars are SEM. The signiﬁcance levels indicated in the ﬁgure refer to FDR-adjusted p-values, ns = not signiﬁcant, *p < 0.05, **p < 0.01, ***p < 0.001.

susceptible to serial dependence eﬀects. Fig. 3B shows the average serial dependence eﬀect as a function of numerosity in the current trial.
The eﬀect appears to be very small and not signiﬁcant at lower numbers
such as 8 (average eﬀect = −0.296 ± 0.239; one-sample t-test, t
(31) = −1.23, p = 0.275) and 9 (average eﬀect = 0.102 ± 0.206; t
(31) = 0.49, p = 0.624). A signiﬁcant eﬀect was instead observed
across most of the higher numerosities in the range (11: t(31) = 2.78,
p = 0.014, d = 0.49; 12: t(31) = 5.08, p < 0.001, d = 0.90; 14: t
(31) = 2.38, p = 0.032, d = 0.42; 18: t(31) = 4.43, p < 0.001,
d = 0.78; 21: t(31) = 5.04, p < 0.001, d = 0.89; 24: t(31) = 5.40,
p < 0.001, d = 0.95; 28: t(31) = 7.65, p < 0.001, d = 1.35; 18: t
(31) = 6.62, p < 0.001, d = 1.17), with the highest eﬀect at numerosity 12 (0.526 ± 0.103). Interestingly, no signiﬁcant eﬀect was
observed at 16 (t(31) = 0.89, p = 0.415), which is the central value of
the range. These results show that while relatively low numbers such as
8 and 9 are more resistant to serial dependence eﬀect, higher numbers
are more easily aﬀected by the previous trial. Also in this context, we
used a one-way repeated measures ANOVA, with factor “numerosity,”
to assess the overall pattern of eﬀects. The results showed a main eﬀect
of numerosity on the serial dependence eﬀect (F(10,31) = 3.59,
p < 0.001, ηp2 = 0.10). A series of post-hoc tests further showed that
the eﬀect at numerosity 8 is signiﬁcantly diﬀerent from most of the
other numerosities (11, 12, 14, 18, 21, 24, 28, 32; t(31) ranging from
3.39 to 4.78, all p-values < 0.037), with the exception of 9 (t
(31) = 2.31, p = 0.61) and 16 (t(31) = 2.42, p = 0.52). All the other
pairwise comparisons did not show any signiﬁcant diﬀerence (all pvalues > 0.49).

Fig. 4. Estimation performance in Exp. 2. Average estimated numerosity of the
target probe stimulus as a function of stimulus veridical numerosity. Error bars
are SEM.

respectively). Using a two-way ANOVA with factors “numerosity” and
“experiment,” we further compared accuracy measures across the range
and across Exp. 1 and Exp. 2. The results showed a main eﬀect of numerosity (F(1,10) = 264.56, p < 0.001, ηp2 = 0.79), but no eﬀect of
experiment (F(1,10) = 0.56, p = 0.455). However, we also found a
signiﬁcant interaction between the two factors (F(1,10) = 5.09,
p < 0.001, ηp2 = 0.07). A series of post-hoc tests conﬁrmed that
numerical estimates deviated to a larger extent from veridical numerosity in Exp. 2 compared to Exp. 1, but only at the extremes of the curve
(Exp. 1 vs Exp. 2, 8: t(64) = 2.72, p = 0.007; 9: t(64) = 2.58,
p = 0.010; 11: t(64) = 2.56, p = 0.011; 12: t(64) = 2.03, p = 0.043;
24: t(64) = 2.11, p = 0.036; 28: t(64) = 2.54, p = 0.011; 32: t
(64) = 3.41, p < 0.001). For the numerosities in the middle range
(14–18), no diﬀerence was observed between Exp. 1 and Exp. 2 (all pvalues > 0.125). Overall, this pattern shows that the increased diﬃculty of the task in Exp. 2, due to the presence of multiple stimuli, led to
less accurate judgements, especially for numerosities at the lower and
higher ends of the range.
Regarding the precision in the task of Exp. 2, we ﬁrst performed a
one-way repeated measures ANOVA with factor “numerosity,” to assess

3.2. Experiment 2
In Exp. 2, again, we ﬁrst assessed the general estimation performance. As shown in Fig. 4, the average estimates across the range were
noticeably compressed, with overestimation at lower values, and underestimation at higher values. With a series of one-sample t-tests we
indeed conﬁrmed that responses for most of the numerosities across the
range signiﬁcantly deviated from the veridical stimulus numerosity, in
the overestimation direction for lower numbers (i.e., 8–14; t(33) ranging from 4.89 to 8.17, all p-values < 0.001, d ranging from 0.90 to
1.44), and in the underestimation direction for higher numbers (i.e.,
21–32; t(33) ranging from −3.22 to −11.76, all p-values < 0.003, d
ranging from 0.49 to 1.95). At intermediate values (16 and 18), the
average estimates were not signiﬁcantly diﬀerent from the veridical
value (t(33) = 1.96, p = 0.058, and t(33) = −0.23, p = 0.81,
6
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whether precision varied as a function of the target numerosity.
Diﬀerently from Exp. 1, here we found a signiﬁcant eﬀect of numerosity
on CoV measures (F(10,33) = 48.54, p < 0.001, ηp2 = 0.59), showing
that precision did signiﬁcantly vary across the range. In this context, the
highest precision was obtained with 32 (0.175 ± 0.007), while, surprisingly, 8 showed the lowest precision (0.411 ± 0.032). On average,
CoV tended to be higher in Exp. 2 compared to Exp. 1 (0.254 ± 0.075,
compared to 0.217 ± 0.031 in Exp. 1). To directly compare the precision in the task across the two experiments, we performed a two-way
ANOVA with factors “numerosity” and “experiment.” We observed a
main eﬀect of both numerosity (F(1,10) = 6.80, p < 0.001,
ηp2 = 0.09) and experiment (F(1,10) = 11.41, p < 0.001, ηp2 = 0.02)
on precision measures, but also a signiﬁcant interaction between the
two factors (F(1,10) = 5.81, p < 0.001, ηp2 = 0.08). A series of posthoc tests further showed that the main diﬀerence in precision between
the two experiments concerns the lower part of the range (Exp. 2 vs
Exp. 1, 8: t(64) = 7.07, p < 0.001; 9: t(64) = 2.97, p = 0.003; 11: t
(64) = 2.38, p = 0.017), while CoV across all the other numbers were
not signiﬁcantly diﬀerent (all p-values > 0.224). This suggests that the
higher diﬃculty of the task in Exp. 2, diﬀerently from accuracy measures, mostly impacted estimation performance for relatively low numerosities, while for higher numerosities estimation precision remained
similar.
Regarding the serial dependence eﬀect, we assessed the inﬂuence of
the three stimuli presented within each trial on each other, individually
for the cases where each of the stimuli was selected as the target one.
According to our predictions, we expected two possible eﬀects. On the
one hand, a memory interference eﬀect should operate independently
from the order of the stimuli. Namely, as the response was provided at
the end of the sequence, the three representations held in memory
could interact and inﬂuence each other independently from their presentation order. On the other hand, a strictly perceptual eﬀect (i.e., for
instance in the form of a persistent read-out template as proposed by
Pascucci et al., 2019) should operate according to the order of the stimuli: a stimulus should be aﬀected by its preceding one, and not by the
successive one. Fig. 5 shows the eﬀects across the sequence of stimuli.
As shown in the ﬁgure, both kinds of eﬀect emerged. When the ﬁrst
stimulus was selected as the target one (Fig. 5A), we found a signiﬁcant
attractive inﬂuence provided by its immediately successive stimulus
(i.e., the second one; one-sample t-test against zero; t(33) = 2.78,
p = 0.016, d = 0.48). The third stimulus (Fig. 2C) did not provide any
eﬀect (t(33) = 0.54, p = 0.70). A similar but opposite pattern was
observed when the third stimulus was chosen as the relevant one: the
immediately preceding one exerted a signiﬁcant attractive eﬀect (t
(33) = 7.35, p < 0.001, d = 1.26), while the ﬁrst stimulus, further
back in the past, did not provide any signiﬁcant eﬀect (t(33) = 0.91,
p = 0.55). Finally, in the case of the second stimulus – which could be
inﬂuenced by both its preceding (ﬁrst) and successive (third) stimulus –
we however only observed a forward attractive eﬀect that is provided
by the preceding stimulus (t(33) = 4.43, p < 0.001, d = 0.76), and
not by the successive one (t(33) = 0.16, p = 0.87).
We further assessed the overall pattern of results by using a two-way
repeated measures ANOVA with factors “target stimulus” (i.e., ﬁrst,
second, third), and “comparison” (coded as 1 and 2 for all pairs of
conditions included in each target stimulus condition). With this analysis, we observed a signiﬁcant main eﬀect of target stimulus (F
(1,2) = 3.25, p = 0.045, ηp2 = 0.11), but no eﬀect of comparison type
(F(1,2) = 0.05, p = 0.82). We also observed a signiﬁcant interaction
between the two factors (F(1,2) = 23.85, p < 0.001, ηp2 = 0.42). We
then ran a series of post-hoc tests to further characterize the pattern of
results. First, we observed a diﬀerence within each of the three target
stimulus conditions. Namely, in the case of the ﬁrst stimulus selected as
target, the eﬀect provided by the second one was signiﬁcantly higher
that the eﬀect provided by the third stimulus (t(33) = 2.00,
p = 0.048). At the level of the second stimulus, the eﬀect provided by
the preceding ﬁrst stimulus was signiﬁcantly higher compared to the

Fig. 5. Serial dependence eﬀects across the three stimuli presented in Exp. 2.
(A) Serial dependence eﬀects concerning the ﬁrst stimulus in the sequence. In
this case, we assessed the inﬂuence of the successive second and third stimulus
on the ﬁrst one. (B) Serial dependence eﬀects at the second stimulus in the
sequence, provided by the preceding (ﬁrst) and successive (third) stimulus. (C)
Serial dependence eﬀects at the third stimulus, provided by the preceding two
stimuli. The labels in the boxes within each panel indicate the target stimulus
chosen. Labels on the x-axis indicate the direction of the eﬀect – i.e., the eﬀect
of each stimulus in the sequence on the one chosen for the estimation task. Note
that this pattern of attractive eﬀects is unlikely to be driven by swap errors
between diﬀerent stimuli in the sequence, as demonstrated by the simulation
analysis reported in the Methods section (see Data analysis). Error bars are
SEM. ns = not signiﬁcant, **p < 0.01, ***p < 0.001.

third one (t(33) = 3.44, p < 0.001). Finally, in case of the third stimulus selected as target, the eﬀect provided by the preceding second
stimulus was signiﬁcantly higher than the eﬀect provided by the ﬁrst
stimulus in the sequence (t(33) = 5.01, p < 0.001). Furthermore, we
compared the signiﬁcant eﬀects (as observed with the one-sample ttests) against each other. The results show that the eﬀect provided by
the second stimulus on the third one (Fig. 5C) is signiﬁcantly higher
compared to both the eﬀect of the ﬁrst on the second one (t(33) = 2.14,
p = 0.04), and the eﬀect of the second one on the ﬁrst stimulus (t
(33) = 2.95, p = 0.006). The eﬀect of the second on the ﬁrst one
(Fig. 5A) and the eﬀect of the ﬁrst on the second one (Fig. 5B) were not
signiﬁcantly diﬀerent (t(33) = 1.21, p = 0.23).
Besides the eﬀect within each sequence, we also assessed whether
and to what extent the stimuli in the previous trial could aﬀect the
7
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diﬃculty and attentional demands. Indeed, previous studies have
shown that the logarithmic-like compression increases under conditions
of attentional load (Anobile, Cicchini, & Burr, 2012; Anobile, Turi,
et al., 2012), explaining the pattern of accuracy measures in the present
study. Interestingly, Cicchini et al. (2014) linked this compressive representation, in the context of number-line mapping, to serial dependence, proposing that an attractive bias could explain the non-linearity
in numerical representation. However, while based on such results one
may expect a link between the strength of serial dependence and the
compressive non-linearity, our data do not provide hints in that direction. Indeed, in our Exp. 2 where the more diﬃcult task resulted in a
more severe compression, we observed a somewhat weaker serial dependence eﬀect (see below). This pattern may suggest that a link between serial dependence and compressed numerical performance may
be limited to the number-line mapping task, which may entail a process
diﬀerent from numerosity estimation (e.g., see for instance Reinert,
Hartmann, Huber, & Moeller (2019) for a comparison between diﬀerent
tasks).
We instead observed a diﬀerent pattern on precision measures
(CoV). While accuracy measures were worse across the board in the
more diﬃcult task of Exp. 2, CoVs across the diﬀerent numerosities
were more selectively aﬀected, limited to the lower part of the numerical range. Task diﬃculty and attentional/memory load thus seem
to have a greater inﬂuence on the estimation performance for low numerosities, while performance in the higher part of the range did not
signiﬁcantly diﬀer across the two experiments. Interestingly, this pattern of results resembles previous observations about the diﬀerence in
the eﬀects of attentional load on subitizing (i.e., 1–4) and higher (5+)
numerosities (Burr, Turi, & Anobile, 2010). What has been observed in
this context is that attentional load (in the form of a secondary task)
strongly aﬀects the precision of numerical estimates for very low numerosities, while it yields only a modest cost for performance with
higher numerosities. Although our numerosities are all well beyond the
subitizing range, the increased attentional load of Exp. 2 may have
more severely aﬀected estimation in the lower part of the range in a
similar fashion.
Regarding the serial dependence eﬀect, Exp. 1 shows that numerical
estimates in each trial are systematically aﬀected by the recent history
of stimulation. In line with Cicchini et al. (2014), but diﬀerently from
Fischer and Whitney (2014), such an attractive eﬀect was limited to the
immediately preceding stimulus, while stimuli further back in the past
did not aﬀect current estimate. These results suggest that serial dependence for diﬀerent features like for instance orientation and numerosity may have diﬀerent temporal properties (as also suggested by
Taubert, Alais, & Burr, 2016), potentially suggesting the involvement of
(at least partially) independent, domain-speciﬁc, mechanisms, rather
than a domain-general mechanism. This is however in line with a
perceptual account of serial dependence, as diﬀerent sensory/perceptual pathways dedicated to diﬀerent attributes are characterized by
diﬀerent physiological and functional properties. Additionally, we also
observed a small repulsive eﬀect provided by stimuli at three trials back
in the past. To a smaller extent, a repulsive eﬀect seems to emerge also
from Cicchini et al.'s (2014) results, at three trials back similarly to the
current study (see Fig. 3C in Cicchini et al., 2014), although the eﬀect
was not signiﬁcant. This may indicate that current percepts tend to be
slightly repulsed away from more remote stimuli. However, the repulsive eﬀects observed here and in previous studies are very small, and
most likely represent only a negligible inﬂuence on the actual behavioral performance. Additionally, another diﬀerence from previous research – especially in the context of orientation perception (e.g., Fischer
& Whitney, 2014; Fritsche et al., 2017; Pascucci et al., 2019) – is the
tuned nature of the eﬀect. While several previous studies observed a
clear tuning of the eﬀect, with the magnitude of the bias increasing with
increasing diﬀerence between the current and previous stimuli, peaking
at a certain distance in the stimulus space, and then decreasing again
with larger diﬀerences, here we observed a linear eﬀect (e.g., see

estimated numerosity of the stimulus reported in the current trial (see
Methods; data not shown). Namely, we assessed the inﬂuence of each
stimulus in the previous trial (irrespective of whether it was selected or
not as the one to be reported) on the stimulus selected in the current
trial (separately for the cases in which the ﬁrst, second, or third was
selected). We ﬁrst performed a two-way repeated measures ANOVA
with factor “stimulus in the previous trial” and “stimulus selected in the
current trial.” The results show no main eﬀect of either stimuli in the
previous trial (F(2,66) = 0.30, p = 0.75) or in the current trial (F
(2,66) = 1.9, p = 0.16), and no interaction between the two factors (F
(4,132) = 2.22, p = 0.07). We also performed a series of one-sample ttests (against zero eﬀect), but did not observe any signiﬁcant eﬀect of
serial dependence across trials (one-sample t-tests, all adjusted
p > 0.332). As pooling together previous stimuli irrespective of
whether they were selected or not may have somehow masked the effect, we additionally considered the eﬀect of only the stimulus selected
in the previous trial on the one selected in the current trial. Running an
ANOVA as in the previous test again did not show any main eﬀect of
stimuli in the previous (F(2,66) = 0.63, p = 0.54) and in the current
trial (F(2,66) = 1.67, p = 0.20), and no interaction (F(4,132) = 2.01,
p = 0.10). A series of one-sample t-tests similarly showed no signiﬁcant
serial dependence eﬀect (all p > 0.07).
4. Discussion
Attractive serial dependence biases appear to be ubiquitous in vision, aﬀecting how we perceive a large variety of visual attributes. The
nature of serial dependence, however, is subject to debate. Multiple
accounts have been proposed, based on a continuity ﬁeld supporting
visual stability and continuity (e.g., Fischer & Whitney, 2014), memory
and decision biases (Fritsche et al., 2017), high-level modulatory
feedback to low-level sensory areas (Fornaciai & Park, 2018b, 2019a,
2019b), or lingering perceptual decision templates at a read-out (highorder) level (Pascucci et al., 2019).
In the present study, we aimed to investigate the conditions under
which serial dependence arises in numerosity perception. While previous research from our group shows that attractive eﬀects in this
context are likely perceptual in nature (Fornaciai & Park, 2018a, 2018b,
2019a, 2019b), biases of diﬀerent nature may contribute to the result
observed at the behavioral level. For instance, memory interference
between representations held in memory has been shown to contribute
to biases in magnitude perception, across diﬀerent dimensions like
space and time (Cai & Connell, 2015, 2016; Cai, Wang, Shen, &
Speekenbrink, 2018). More speciﬁcally, representations of the same
format like magnitudes being concurrently held in memory could interact with each other in an attractive way (Cai et al., 2018). Here, we
further questioned whether such an eﬀect of memory interference can
elicit serial dependence independent from the order of the stimuli. In
Exp. 1, we ﬁrst characterized the serial dependence eﬀect in numerosity
estimation by using a simple task, whereby participants had to estimate
the number of dots in a single dot-array (i.e., one stimulus with varying
numerosity presented in each trial). Crucially, in Exp. 2, we presented a
sequence of three stimuli on each trial, and cued the relevant one only
after the presentation. This required the participants to hold all the
stimuli in memory until the end of the trial, allowing us to test whether
memory interference eﬀects can make the temporally latter stimulus to
bias the temporally former stimulus.
First, regarding the estimation performance, we observed relatively
compressed responses, resembling a logarithmic mapping of increasing
numerosity. This pattern is consistent with previous research concerning numerosity perception, showing that numerical estimates
across a relatively large range of numerosity often tend to be nonlinearly distributed (e.g., Anobile, Cicchini, & Burr, 2012; Anobile, Turi,
Cicchini, & Burr, 2012; Arrighi et al., 2014; Cicchini et al., 2014;
Dehaene, 2003). Moreover, such a logarithmic compression was more
severe in the numerical estimates in Exp. 2, likely due to increased
8
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chronological order of stimulus presentation.
Results from Exp. 2 show a pattern of attractive biases among the
three stimuli in the sequence working irrespective of their temporal
order. That is, the bias works in the “forward” direction (i.e., a preceding stimulus aﬀecting a successive one) which is in line with the
perceptual account, although it is not possible to rule out the concurrent eﬀect of memory bias. Critically, in some cases the bias also
works in the opposite, “backward,” direction, with the chronologically
successive stimulus aﬀecting its predecessor. Such a backward eﬀect
could only occur at a post-perceptual processing stage, such as memory
storage, as the bias takes place only after both stimuli are processed,
represented, and stored. Overall, these results demonstrate that attractive biases generated by memory interference operate independently from the order of stimulus presentation.
While the representation of the visual content is stored in memory
in order to perform a task at a later time, diﬀerent representations could
be nudged by each other, resulting in an attractive bias (e.g., Cai et al.,
2018). Such a bias, at least in the context of the present work, seems
limited to the ﬁrst item in the sequence (i.e., the one farthest back in the
past), possibly indicating that a deterioration of stimulus representation
with time may induce or facilitate such an interference. However, the
fact that we did not observe an eﬀect of the third stimulus on the second
or the ﬁrst one may be attributed to the relatively short interval between its presentation and the onset of the cue (350 ms). There may not
have been enough time for the memory interference from the third
stimulus to occur, because the memorized representations of the dot
arrays are likely to be discarded as soon as the cue is given. The
question of how long it takes for a stimulus to aﬀect other stimuli held
in memory at the same time thus remains an interesting open question
for future studies.
A parsimonious account of these results is that all the biases observed in Exp. 2 are produced at a memory storage stage. Nevertheless,
an interesting possibility is that perceptual and memory biases might
coexist within the same sequence of stimuli. Indeed, previous research
from our group shows that the serial dependence bias is measurable
from neural signals starting very early after stimulus onset, suggesting a
biased perceptual representation (Fornaciai & Park, 2018a) which then
gets stored and maintained for a relatively long retention period after
perception (Fornaciai & Park, 2020). In this scenario, the “forward”
attractive eﬀect could thus be determined before the stimulus is stored
in memory (i.e., the representation stored in memory is already biased),
while the “backward” eﬀect is determined at a later stage during
memory encoding. However, behavioral data alone is not enough to
conclusively disentangle these two possibilities, and assessing whether
biases of diﬀerent nature (with the same behavioral outcome) could be
intertwined within the same sequence of stimuli remains an open
question for future studies. In any case, one certain conclusion that our
results reach is that serial dependence driven by memory bias occurs
even in reverse chronological order in that the representation of one
stimulus is aﬀected by the one appearing after that.
While we observe several attractive eﬀects between items included
in the same sequence, we did not observe any inﬂuence across diﬀerent
trials. A possibility for this lack of inﬂuences extending from the previous to the current trial might be due to having in general numerous
intervening stimuli between the two trials. Nevertheless, while this
easily explains the lack of inﬂuence from the previous trial on the
second and third stimulus in the current sequence, we may still expect
to see an eﬀect from the last stimulus in the previous sequence to the
ﬁrst one in the current trial (i.e., as there is no intervening stimulus
between them). However, the lack of across-trial eﬀect even in this case
additionally suggests that the memory eﬀect occurring within the current sequence (i.e., the backward eﬀect from the second to the ﬁrst
stimulus) suppresses any inﬂuence from the previous trial.
To conclude, our results ﬁrst show that serial dependence in numerosity perception generalizes to the case in which the approximate
visual representation has to be mapped (or re-coded) in a symbolic

Fig. 2B). Namely, our results show that the magnitude of the bias increases as a function of the diﬀerence between the two numerosities,
peaking at the largest diﬀerences (i.e., the smaller the previous numerosity, the stronger the underestimation of current ones, and vice
versa). This feature of serial dependence may again be related to the
speciﬁc structure of the dimension under analysis. While circular dimensions like orientation (or, for instance, the circular positional space
in Manassi et al., 2018) show a more precise tuning, magnitude dimensions such as numerosity instead present a linear relation between
the eﬀect and the magnitude of previous stimuli (but see also Xia et al.,
2016 for a similarly linear eﬀect in the context of face attractiveness).
On the other hand, looking at the extent to which each numerosity
in our range is susceptible to serial dependence, we found a peculiar
pattern. Indeed, our results ﬁrst show a repulsive, although not signiﬁcant, trend at lower numerosity, showing that stimuli like 8 and 9
dots are mostly not aﬀected by the numerosity in the previous trial. This
is consistent for instance with Cicchini et al. (2014) and Cicchini,
Mikellidou, and Burr (2018) in showing that less noisily-perceived stimuli are more likely to show reduced serial dependence eﬀects, since
such a low numerosities at the lower bound of the range are likely
encoded with a lower level of noise. Interestingly, 16 – the middle
numerosity in the range – was also not aﬀected by serial dependence.
This peculiar feature may be related to the long-term summary statistics
of the stimulation procedure, as the central value of the range may be
represented in a more robust fashion compared to extreme numerosities, making it less prone to distortions. Testing the relation between
serial dependence and other processes like central tendency (e.g.,
Jazayeri & Shadlen, 2010), which may be responsible for this ﬁnding, is
an interesting possibility for future studies. Furthermore, all numerosities above 16 seem similarly prone to attractive biases. This is in
contrast with the sharp reduction in the eﬀect at the higher stimulation
range observed by Cicchini et al. (2014). However, the noisier representation of higher numerosities might have favored the eﬀect also
at the higher end of the range. Note however that analyzing the eﬀect at
the level of single numerosities involved using much smaller subsets of
data compared to the overall eﬀect at diﬀerent trial-back conditions.
Due to this, it is diﬃcult to draw strong conclusions about the sensitivity of individual stimuli to the serial dependence eﬀect.
In general, it is interesting to note that despite the fact that we included the entire range of numerosities in the analysis, we did not
observe any signiﬁcant “edge eﬀect”, neither on CoVs nor on the serial
dependence eﬀect (i.e., a sharp increase in precision at the edges of the
range, or a symmetric reduction in the serial dependence eﬀect as in
Cicchini et al., 2014) which would instead be expected in this context.
The fact that we did not observe such an edge eﬀect may be attributed
to the fact that we did not reveal the actual stimulation range to the
participants. In fact, the participants were told that they are given a
larger range (6 to 40 dots) than it actually was (8 to 32 dots). The
increased uncertainty concerning the extreme numerosities might have
thus resulted in weaker edge eﬀects.
In Exp. 2, we used a novel paradigm involving a rapid sequence of
stimuli, with only one of them – cued after the entire presentation –
actually relevant for the task, which creates a condition favoring a
mnemonic serial dependence eﬀect. This paradigm diﬀers from the
paradigm more often used in serial dependence research (i.e., involving
only one stimulus presented in each trial followed by a response, as we
did in Exp. 1) in that it requires the participant to keep all the stimuli in
memory to perform the task later. While presenting only one stimulus at
a time makes serial dependence to be deﬁned as the eﬀect of a previous,
irrelevant stimulus on the current one, this novel paradigm allows us to
measure the mutual inﬂuence of relevant stimuli on each other. Doing
so, we aimed to assess whether the attractive bias still operates in the
forward direction (from previous to successive stimuli) or also in the
reverse direction (from successive to previous stimuli). This latter case
would indeed highlight an exclusively mnemonic serial dependence
eﬀect and would demonstrate that it occurs irrespective of the
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format. This shows that the serial dependence bias in this context is
extremely robust and is present irrespective of the speciﬁc task used.
More crucially, we show that serial dependence induced by memory
interference can operate irrespective of the chronological order of
memorized stimulus presentation. Such a peculiar characteristic of serial dependence opens new doors for understanding the mechanism of
this ubiquitous phenomenon.
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