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Abstract Human perceptual decisions can be repelled away from (repulsive adaptation) or
attracted towards recent visual experience (attractive serial dependence). It is currently unclear
whether and how these repulsive and attractive biases interact during visual processing and what
computational principles underlie these history dependencies. Here we disentangle repulsive and
attractive biases by exploring their respective timescales. We find that perceptual decisions are
concurrently attracted towards the short-term perceptual history and repelled from stimuli
experienced up to minutes into the past. The temporal pattern of short-term attraction and long-
term repulsion cannot be captured by an ideal Bayesian observer model alone. Instead, it is well
captured by an ideal observer model with efficient encoding and Bayesian decoding of visual
information in a slowly changing environment. Concurrent attractive and repulsive history biases in
perceptual decisions may thus be the consequence of the need for visual processing to
simultaneously satisfy constraints of efficiency and stability.

Introduction

A fundamental question of human visual perception is how our brains efficiently and accurately pro-
cess the flood of visual information that continuously bombards our retinae. Importantly, our visual
environment exhibits strong temporal regularities (Dong and Atick, 1995; Schwartz et al., 2007,
Simoncelli and Olshausen, 2001); for instance, in natural viewing behavior, orientation information
tends to be preserved across successive time points and thus stable over short time scales
(Felsen et al., 2005; van Bergen and Jehee, 2019). Our brains could potentially exploit this tempo-
ral stability and leverage information from the recent past to optimize processing of new visual
input.

Indeed, there is ample evidence that our brains adapt visual processing in response to recent
experience. For example, a prolonged exposure to a stimulus typically induces a repulsive bias in
the percept of a subsequent stimulus — a phenomenon termed repulsive adaptation. Repulsive adap-
tation has been reported for a wide range of visual features such as orientation (Gibson and Radner,
1937, Jin et al., 2005), color (Webster and Mollon, 1991), and numerosity (Burr and Ross, 2008).
Prominent theories of adaptation posit that repulsive biases may be explained by an optimally effi-
cient encoding of visual information, given temporal regularities in the input. Mechanisms underlying
such efficient encoding could include self-calibration and decorrelation (Barlow and Féldiak, 1989,
Clifford et al., 2000; Miiller et al., 1999), or an increase in the signal-to-noise ratio for measure-
ments similar to recently perceived stimuli (Stocker and Simoncelli, 2006). Such a mechanism would
increase sensitivity to small changes in the environment (Clifford et al., 2001; Mattar et al., 2018;
Regan and Beverley, 1985).
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In contrast to repulsive adaptation, recent studies have found that perceptual decisions about
stimulus features can be attracted towards stimuli encountered in the recent past — a phenomenon
termed attractive serial dependence (Fischer and Whitney, 2014). Like repulsive adaptation, attrac-
tive serial dependence has now been reported for a large variety of visual features, such as orienta-
tion (Cicchini et al., 2017; Czoschke et al., 2019; Fritsche et al., 2017), numerosity (Cicchini et al.,
2014; Corbett et al., 2011; Fornaciai and Park, 2018) and spatial location (Bliss et al., 2017,
Manassi et al., 2018; Papadimitriou et al., 2015). This phenomenon may represent a (Bayes-)opti-
mal strategy of decoding the sensory information into a perceptual decision (Cicchini et al., 2018;
van Bergen and Jehee, 2019). Effectively, attractive serial dependence may smooth perceptual rep-
resentations over time, in order to promote visual stability in the face of disruptive factors, such as
eye blinks and external or internal noise. Although it is evident that both repulsive and attractive
biases occur (Fritsche et al., 2017), it is currently unclear whether and how these biases interact dur-
ing perceptual decision-making.

If repulsive adaptation and attractive serial dependence reflect the distinct mechanisms of encod-
ing and decoding, they may have separate timescales that are optimized for their respective pro-
cess. Previous studies on attractive serial dependence suggest that the perceptual history attracts
subsequent perceptual decisions over a relatively short time period of about 10-15 s (Fischer and
Whitney, 2014; Van der Burg et al., 2019). Reports on the timescale of repulsive adaptation are
more variable. While some studies have found that adaptation in response to brief stimuli is short-
lived, vanishing after a few seconds (Kanai and Verstraten, 2005; Pastukhov and Braun, 2013;
Pavan et al., 2012), recent studies have reported minutes-long repulsive biases in perceptual deci-
sions (Chopin and Mamassian, 2012; Gekas et al., 2019, Sudrez-Pinilla et al., 2018). Together,
these studies raise the possibility that attractive serial dependence and repulsive adaptation biases
may occur over dissociable timescales. This could provide an opportunity for disentangling history-
dependent encoding and decoding mechanisms underlying perceptual decision-making, even within
the same perceptual decision.

In the current study, we examined the timescales over which current visual processing is attracted
and repelled by the perceptual history. Across four experiments, we show that attraction and repul-
sion have distinct time scales: perceptual decisions about orientation are attracted towards recently
perceived stimuli, but repelled from stimuli that were experienced further in the past. Importantly,
we demonstrate that the long-term repulsive bias is spatially specific, akin to classical sensory adap-
tation (Boi et al., 2011; Knapen et al., 2010; Mathét and Theeuwes, 2013) and in contrast to
short-term attractive serial dependence (Fritsche et al., 2017). Furthermore, it exhibits a long expo-
nential decay, with stimuli experienced minutes into the past still exerting repulsive effects. More-
over, we find that this pattern of concurrent attractive and repulsive biases cannot be explained by a
Bayesian ideal observer model, which exploits the temporal stability of the environment
(van Bergen and Jehee, 2019). We present a novel ideal observer model, in which repulsive biases
arise due to efficient encoding (Stocker and Simoncelli, 2006, Wei and Stocker, 2015), and attrac-
tive biases are due to Bayesian decoding of sensory information. This model illustrates a principled
way in which observers can exploit the temporal stability in the environment across multiple process-
ing stages to concurrently achieve efficient and stable visual processing.

Results

Experiment 1: Perceptual decisions are attracted towards short-term
history but repelled from long-term history

The aim of the first experiment was to characterize the dependence of perceptual decisions on the
short- and long-term stimulus history. To this end, twenty-three human observes completed a series
of trials, in which they were presented with oriented Gabor stimuli, randomly sampled on each trial
from the full range of possible orientations (0, 180°], and subsequently had to report the perceived
orientation of each stimulus by adjusting a response bar (Figure 1). We then analyzed the depen-
dence of the current adjustment response on each stimulus experienced in the 40 preceding trials,
corresponding to a time window reaching ~3.5 min into the past. We found that adjustment
responses were systematically attracted towards the stimulus presented on the previous trial
(p<0.0001; Figure 2A). This attraction bias was maximal when orientations of successive stimuli
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Figure 1. Task of Experiment 1. Observers saw a Gabor stimulus followed by a noise mask and subsequently
reproduced the orientation of the stimulus by adjusting a response bar. Stimulus presentation in the left or right
visual field alternated between separate, interleaved blocks.

differed by 18° (max. attraction = 1.66°), similar to previous reports of attractive serial dependence
(Fischer and Whitney, 2014; Fritsche et al., 2017). However, the attractive influence of previous
stimuli was short-lived and was only clearly observable between adjacent trials, corresponding to an
inter-stimulus interval of about 5 s (Figure 2C). Conversely, stimuli encountered further back in the
past exerted a repulsive bias on the current adjustment response. The repulsive bias was maximal
for stimuli presented four trials in the past (Figure 2B, p<0.0001, max. repulsion = —1.07°) and sub-
sequently decreased towards zero, albeit remaining negative up to 22 trials back, corresponding to
a time window of about two minutes. Similar to the short-term attractive bias, the repulsive bias was
tuned to the orientation difference between the current and past stimulus, such that current adjust-
ment responses were maximally repelled for orientation differences of ~19° (average tuning width of
4- to 22-back trials). The results of Experiment 1 thus indicate that perceptual estimates are subject
to both attractive and repulsive biases, operating over different timescales. While perceptual esti-
mates are attracted towards immediately preceding stimuli, they are repelled from temporally dis-
tant stimuli. This repulsive bias potentially reaches back minutes into the past. The orientation tuning
of the long-term repulsive bias is reminiscent of sensory adaptation (i.e. the negative tilt-aftereffect),
which typically induces maximal repulsion for orientation differences of about 20° (Gibson and Rad-
ner, 1937; Jin et al., 2005). To shed more light on the nature of the long-term repulsive bias, we
next investigated whether it is modulated by the spatial overlap between the current and temporally
distant stimulus. Such a spatial specificity is a hallmark of classical sensory adaptation effects
(Boi et al., 2011, Knapen et al., 2010; Mathét and Theeuwes, 2013), and thus would point
towards low-level sensory encoding as the origin of the repulsive bias.

Experiment 2: Long-term repulsive biases are spatially specific

Experiment 2 was similar to Experiment 1, with the exception that stimulus position could vary
between two locations (10 visual degrees apart) on a trial-by-trial basis. Consequently, any past stim-
ulus could be presented at the same or a different spatial location as the current stimulus. This data-
set, comprising 24 human observers, has been previously described (Fritsche et al., 2017). We
previously showed that adjustment responses were systematically biased towards the immediately
preceding stimulus, with a similar magnitude when it was presented at the same or a different loca-
tion (see Experiment 1 in Fritsche et al., 2017 and Figure 3A and B; same location: max. attrac-
tion = 1.15°, p=0.005; different location: max. attraction = 1.17°, p=0.0006; same vs. different:
p=0.97). Here, we sought to investigate the spatial specificity of the long-term repulsive bias. To this
end, we focused on the past 10 stimuli preceding the current stimulus, for which repulsive biases in
Experiment 1 were strongest. In line with Experiment 1, we found that adjustment responses were
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Figure 2. Results of Experiment 1: Estimation responses are attracted towards short-term, but repelled from long-
term stimulus history. (A) Serial dependence of current response errors on the previous stimulus orientation. We
expressed the response errors (y-axis) as a function of the difference between previous and current stimulus
orientation (x-axis). For positive x-values, the previous stimulus was oriented more clockwise than the current
stimulus and for positive y-values the current response error was in the clockwise direction. Responses are
systematically attracted towards the previous stimulus, as is revealed by the group moving average of response
errors (thin black line). The attraction bias follows a Derivative-of-Gaussian shape (DoG, model fit shown as thick
black line). Parameters a and w determine the height and width of the DoG curve, respectively. Parameter a was
taken as the strength of serial dependence, as it indicates how much the response to the current stimulus
orientation was biased towards or away from a previous stimulus with the maximally effective orientation
difference between stimuli. Positive values for a mark an attractive bias. Shaded region depicts the SEM of the
group moving average. (B) Current responses are systematically biased away from 4-back stimulus. (C) Attraction
and repulsion biases exerted by the 40 preceding stimuli. Bias amplitudes show the amplitude parameter a of the
DoG models, fit to the n-back conditioned response errors (see panel A and B). While the current response is
attracted towards the 1-back stimulus, it is repelled from stimuli encountered further in the past. Colored bars
indicate significant attraction (blue) and repulsion (red) biases (solid: Bonferroni correction for multiple
comparisons; striped: no multiple comparison correction). Error bars represent 1 SD of the bootstrap distribution.
The online version of this article includes the following source data for figure 2:

Source data 1. Results of Experiment 1: Estimation responses are attracted towards short-term, but repelled from
long-term stimulus history.

significantly repelled away from stimuli seen 4 to 9 trials ago (Figure 3A). Moreover, stimuli pre-
sented within this time window, reaching from 26 to 60 s in the past, exerted a spatially specific bias
on the current adjustment response. That is, the current adjustment response was more strongly
repelled by a previous stimulus presented at the same compared to a different spatial location as
the current stimulus (Figure 3C; same location: max. repulsion = —0.81°, p<0.0001; different loca-
tion: max. repulsion = —0.39°, p=0.0006; same vs. different: p=0.006). This spatial specificity of the
repulsive bias, exerted by stimuli seen tens of seconds in the past, points towards a sensory origin of
the long-term repulsive bias, akin to the negative tilt-aftereffect. Moreover, the small remaining
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Figure 3. Results of Experiment 2: Long-term repulsive biases are spatially specific. (A) Attraction and repulsion biases exerted by the 10 preceding
stimuli, regardless of changes in spatial locations. The current response is attracted towards the previous stimulus, but repelled from stimuli seen 4 to 9
trials ago. Colored bars indicate significant attraction (blue) and repulsion (red) biases (solid: Bonferroni correction for multiple comparisons; striped: no
multiple comparison correction). Error bars represent 1 SD of the bootstrap distribution. The gray shaded area marks the time window of interest for
which we estimated the spatial specificity of the repulsive bias (panel C). (B) Serial dependence on previous stimulus, considering trials for which the
previous stimulus was presented at the same location as the current stimulus ('same location’, purple), or trials for which the previous and current
stimulus location was 10 visual degrees apart (‘different location’, orange). Attractive serial dependence is similarly strong for same and different
location trials. Shaded region depicts the SEM of the group moving average (thin lines). Thick lines show the best fitting DoG curves. Same data as
shown in Experiment 1 by Fritsche et al., 2017. (C) Average serial dependence on 4- to 9-back stimuli for same (purple) or different (orange) location
trials. Current responses are more strongly repelled from 4- to 9-back stimuli, when current and past stimuli were presented at the same spatial
location.

The online version of this article includes the following source data for figure 3:

Source data 1. Results of Experiment 2: Long-term repulsive biases are spatially specific.

repulsion bias for stimuli presented at a different spatial location is consistent with previous findings,
which suggested that weak tilt-aftereffects may occur at spatial locations further away from the
adaptor stimulus (e.g. see Knapen et al., 2010; Mathét and Theeuwes, 2013).

Experiment 3: Long-term repulsive biases are not strongly modulated
by working memory delay

We have previously shown that the short-term positive bias exerted by the previous stimulus grows
during the working memory retention period of the current trial, indicating a role of working mem-
ory for the positive bias (Experiment 4 in Fritsche et al., 2017 and Figure 4B; see also Bliss et al.,
2017; Papadimitriou et al., 2015). One may surmise that if the long-term repulsive bias reflects a
low-level encoding bias, affecting the earliest stages of visual processing, then in contrast to the
short-term positive bias, long-term repulsion should not be modulated by the duration of the current
working memory delay. To test this hypothesis, we analyzed an additional, previously published
dataset involving perceptual estimation responses to oriented Gabor stimuli, in which we introduced
a variable delay period of 50 or 3500 ms between stimulus offset and the estimation response
(Fritsche et al., 2017). Similar to Experiment 1 and 2, we found that estimation responses were
biased towards the stimulus orientation of the previous trial (Figure 4A, max. attraction = 1.25°,
p<0.0001), but repelled from stimuli presented further in the past (max. repulsion of —0.81° for 3-
back stimulus, p<0.0001). This further corroborates the existence of short-term attraction and long-
term repulsion biases in perceptual estimates. Interestingly, in comparison to Experiment 1 and 2, it
appeared that the transition from attractive to repulsive effects occurred earlier in time, such that
repulsive effects were already visible for the 2-back trial (Figure 4A, max. repulsion = —0.46’,
p=0.034). Importantly, trials in Experiment 3 were longer compared to the previous experiments,
due to the working-memory delay period (8.25 s vs. 5.37 and 6.55 s trial lengths). Thus, one poten-
tial explanation for the earlier onset of repulsion biases could be that the decay of attractive and
repulsive biases may depend on the elapsed time (i.e. seconds) between previous and current
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Figure 4. Results of Experiment 3: Long-term repulsive biases are not strongly modulated by working memory delay. (A) Attraction and repulsion
biases exerted by the 10 preceding stimuli, pooled across response delay conditions. The current response is attracted towards the previous stimulus,
but repelled from stimuli seen 2 to 6 trials ago. Colored bars indicate significant attraction (blue) and repulsion (red) biases (solid: Bonferroni correction
for multiple comparisons; striped: no multiple comparison correction). Error bars represent 1 SD of the bootstrap distribution. The gray shaded area
marks the time window of interest for which we estimated the working memory delay dependence of the repulsive bias (panel C). (B) Serial dependence
on previous stimulus, considering trials for which the delay between current stimulus and response was short (green) or long (pink). Attractive serial
dependence increases with working memory delay on the current trial. Shaded region depicts the SEM of the group moving average (thin lines). Thick
lines show the best fitting DoG curves. Same data shown in Experiment 4 by Fritsche et al., 2017. (C) Average serial dependence on 2- to 6-back
stimuli for current short (green) or long (pink) working memory delays. There is a trend towards a stronger repulsive bias when the current working
memory delay is long. However, this difference between delay conditions was not significant.

The online version of this article includes the following source data for figure 4:

Source data 1. Results of Experiment 3: Long-term repulsive biases are not strongly modulated by working memory delay.

stimulus, rather than the number of intervening stimuli or decisions. We will return to a quantitative
comparison of the temporal decay across the different experiments later.

The attraction bias towards the 1-back stimulus was stronger when the current memory delay was
long compared to short (Figure 4B; short delay: max. attraction = 1.08°, p=0.001; long delay: max.
attraction = 1.64°, p<0.0001; short vs. long: p=0.047; Fritsche et al., 2017). In contrast, for stimuli
that exhibited overall repulsive biases (2- to six trials back, 17 to 50 s in the past), there was no sig-
nificant difference in the magnitude of repulsion across memory delays (Figure 4C; short delay: max.
repulsion = —0.47°, p=0.0002; long delay: max. repulsion = —0.75°, p<0.0001; short vs. long:
p=0.055), although there was a trend towards stronger repulsion for current long delays. Indeed,
there was a significant interaction between n-back trial (1-back vs. 2- to 6-back) and working memory
delay (F(1,23) = 5.21, p=0.032, n? = 0.19), indicating that working memory delay has a stronger
impact on short-term attraction than on long-term repulsion biases.

In order to quantify evidence for the null hypothesis of no modulation of the repulsive bias by
working memory delay, we turned to a model-free analysis of averaging response errors for trials
that were preceded by clockwise or counter-clockwise stimulus orientations, respectively (see Mate-
rials and methods). This allowed us to quantify serial dependence biases at the single participant
level, which could subsequently be used for a Bayes Factor analysis. While this analysis provided
moderate evidence for a modulation of the 1-back attraction bias by working memory delay
(BF10 = 7.25), which is in line with the model-based analysis, there was anecdotal (but no decisive)
evidence for a lack of modulation for the long-term repulsive bias (BF o = 0.77).

Experiment 4: Long-term history alters perceived orientation

To further test whether long-term repulsive biases arise at an early encoding stage, we turned to a
different experimental paradigm, which sought to measure perception more directly compared to
the stimulus reproduction technique employed in the previous experiments. Stimulus reproductions
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necessarily rely on memory of the perceived stimulus feature and thus may reflect a combination of
early perceptual and late post-perceptual working memory and decision biases (Bliss et al., 2017,
Fritsche et al., 2017; Papadimitriou et al., 2015). We have previously shown that when the per-
ceived orientation of a stimulus is measured more directly, by an immediate comparison to a refer-
ence stimulus that is visible at the same time (Figure 5A), it is repelled from the previous stimulus in
a spatially specific manner, likely reflecting sensory adaptation (see Fritsche et al., 2017 and
Figure 5C 'current inducer’). Here we asked, whether the perceived orientation of the current stimu-
lus, as measured in direct comparison to a reference, would continue to be repelled from stimuli
experienced further in the past. This analysis not only allowed us to investigate whether the long-
term repulsive bias reflects a genuine low-level perceptual bias that directly alters the appearance of
a stimulus, as would be expected of sensory adaptation, but also enabled us to assess the temporal
decay of the repulsion effect while short-term attraction biases are absent or strongly reduced
(Fritsche et al., 2017; but see Cicchini et al., 2017). In Experiment 4, the same 24 observers that
participated in Experiment 2 performed two consecutive tasks on each trial. First, they were simulta-
neously presented with two Gabor stimuli and were cued to reproduce the orientation of one of the
stimuli by adjusting a response bar. We termed the cued stimulus ‘inducer’, since it induced a per-
ceptual decision at one location. In order to measure subsequent biases in perception, another two
Gabor stimuli were presented (one at the previously cued location and one at a location in the oppo-
site hemifield, 20 visual degrees apart) and observers judged which of the two stimuli was tilted
more clockwise (two-alternative forced choice [2AFC], Figure 5A and B). To recapitulate, we previ-
ously found in the same dataset that in this direct perceptual comparison the perceived orientations
of the 2AFC stimuli were repelled from the immediately preceding inducer in a spatially specific
manner (see Fritsche et al., 2017 and Figure 5C 'current inducer’; same location: repulsion —0.71°+
0.10 SEM, t(23) = —6.91, p=5e-7, d = —1.41; different location: repulsion —0.17°+0.11 SEM, t(23) =
—1.54, p=0.14, d = —0.31; same vs. different: t(23) = —3.85, p=0.0008, d = —0.79). Importantly,
here we found that this repulsive bias was not limited to the inducer presented on the current trial
(Figure 5C). On average, inducers presented on the 10 previous trials, corresponding to a time win-
dow of 10 to 100 s prior to the current trial, exerted a significantly repulsive bias on the perceived
orientation of the current 2AFC stimuli, when presented at an overlapping spatial location (same
location: repulsion —0.24°+0.05 SEM, t(23) = —5.24, p=3e-5, d = - 1.07), but not when presented at
a different location 10 visual degrees away (different location: repulsion —0.09°+0.05 SEM, t(23) =
—1.66, p=0.11, d = 0.34; same vs. different location: t(23) = —2.38, p=0.026, d = —0.49). The tempo-
ral decay of this spatially specific repulsion bias was captured by an exponential decay model, which
revealed a half-life of about five trials, corresponding to 50 s. The presence of long-term repulsive
biases in perceptual comparisons indicates that brief stimuli experienced tens of seconds ago can
directly bias the perceived orientation of a current stimulus in a spatially specific manner. This further
supports the view that the long-term repulsive biases occur early during perceptual processing dur-
ing the encoding of sensory information. Moreover, in the absence of the attractive bias measured
in perceptual estimates (Experiment 1-3), the repulsive adaptation effect is strongest for stimuli
which are temporally closest to the current stimulus and decays with increasing time between previ-
ous and current stimulus, with a long half-life. The current finding suggests that attractive and repul-
sive biases may coexist in perceptual estimations (Experiment 1-3), but differ in their relative
strength and rate of decay. While both attractive and repulsive biases are strongest for the most
recent stimulus, an initially stronger attractive bias typically masks a weaker repulsive bias, leading to
an overall attractive influence of the immediate past. However, since the attractive bias decays at a
much faster rate compared to the repulsive bias, the net bias that a stimulus exerts on the current
perceptual estimate switches from attractive to repulsive as the intervening time increases.

Repulsive and attractive biases can be explained by efficient encoding
and optimal decoding of visual information

What are the underlying computational principles that may lead to these concurrent attractive and
repulsive biases in perceptual decisions? To shed more light on this question, we turned to computa-
tional modeling to explore whether the coexisting attractive and repulsive biases can be explained
by an observer that exploits the temporal continuity of visual environment in order to optimize the
efficient encoding and/or decoding of visual information.
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Figure 5. Task and results of Experiment 4: The long-term stimulus history directly biases the perceived
orientation of current stimuli. (A) Observers were cued to reproduce one of two Gabor stimuli by adjusting a
response bar (adjustment response). Subsequently, two new Gabor stimuli appeared at priorly cued locations in
the left and right visual field. Those stimuli could appear either at the same locations as the previous stimuli or 10
visual degrees above or below. Observers had to judge which of the two new stimuli was oriented more clockwise
(2AFC). Similar to the previous experiments, all Gabor stimuli were followed by noise masks. (B) Psychometric
curves for the 2AFC judgments of one example observer. We expressed the probability of a ‘right’ response (y-
axis) as a function of the orientation difference between right and left 2AFC stimuli (x-axis). For positive x-values,
the right stimulus was oriented more clockwise. We binned the trials in two bins according to the expected
influence of repulsive adaptation to the inducer stimulus. Blue data points represent trials in which repulsive
adaptation, away from the inducer, would favor a right’ response, while red data points represent trials in which it
would favor a ‘left’ response. The example observer exhibits a repulsive adaptation bias. We quantified the
magnitude of the bias as the difference in the points of subjective equality between ‘adapt right’ and ‘adapt left’
curves (APSE) divided in half. This value indicates how much a 2AFC stimulus is biased by a single inducer
stimulus. (C) Bias exerted by the current inducer (gray shaded box, same data as in Experiment 2 by

Fritsche et al., 2017) and inducers of the 10 preceding trials. Previous inducer stimuli exert a repulsive bias on the
current 2AFC stimuli, specifically when past inducer and current 2AFC stimuli were presented at an overlapping
spatial location. This bias appears to decay exponentially for inducers encountered further in the past. Note that
while current inducers were always oriented +20° from the subsequent 2AFC stimulus, constituting an optimal
orientation difference for eliciting adaptation biases (e.g. see Figure 2B), relative orientations of previous inducers
ranged from —49 to 49°, and thus presented overall less effective adaptor stimuli. This may explain the
discontinuity in the magnitude of repulsion exerted by the current and previous trial inducer. Data points show
group averages and error bars present SEMs.

The online version of this article includes the following source data for figure 5:

Source data 1. Task and results of Experiment 4: The long-term stimulus history directly biases the perceived ori-
entation of current stimuli.

Previous studies proposed that attractive biases in perceptual estimates arise from a probabilisti-
cally optimal strategy of decoding sensory information into a perceptual decision (Cicchini et al.,
2018; van Bergen and Jehee, 2019). Attractive serial dependencies towards the previous stimulus
orientation are well captured by such an observer model that estimates the current stimulus orienta-
tion by integrating a noisy sensory measurement of the current stimulus with a prior prediction about
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the upcoming stimulus orientation in a probabilistically optimal, that is Bayesian, manner (Figure 6A,
orange box). If predictions are well matched to the temporal regularities in the environment, com-
bining predictions based on previous stimuli with current sensory measurements generally produces
more accurate stimulus estimates than those based on current sensory measurements alone. We
implemented such an ideal observer model to test whether it could account for the short-term
attractive and long-term repulsive biases in the empirical data. In this observer model, the prediction
about the upcoming visual stimulus was formed by combining an internal model of naturally occur-
ring orientation changes (Figure 6A, green box, transition distribution) with knowledge about previ-
ous stimulus orientations (i.e. previous posterior distributions). In contrast to the ideal observer
model by van Bergen and Jehee, 2019, we here assumed that the observer does not only rely on a
prediction formed on the most recent trial, but utilizes a weighted mixture of previous predictions,
where the relative contribution of previous predictions is determined by an exponential integration
time constant (Figure 6A, blue box, temporal integration weights). Such a mixture prior accounts for
the fact that statistical regularities in natural environments do not only exist between immediately
consecutive orientation samples, but over extended timescales, with the most recent stimuli also
being the most predictive of the current stimulus. In contrast to an observer that only relies on the
prediction based on the previous trial, an observer utilizing such a mixture prior has been shown to
adequately capture positive serial dependencies beyond the most recent trial (Kalm and Norris,
2018). We found that this observer model indeed captured attractive serial dependencies. However,
it was not able to produce the long-term repulsive biases found in Experiments 1-3 (Figure 7 and
Figure 7—figure supplement 2). Thus, an observer that exploits the temporal stability of the envi-
ronment via Bayes-optimal decoding alone cannot explain the pattern of attractive and repulsive
biases. Furthermore, the inability of the Bayesian ideal observer to capture both attraction and
repulsion biases provides evidence that the long-term repulsion biases are not an artifact resulting
from short-term attraction biases and random fluctuations in the input sequence (Maus et al., 2013).

As described in the Introduction, repulsive adaptation biases have been proposed to arise from
efficient encoding of visual information (Barlow and Féldiak, 1989; Clifford et al., 2000;
Miiller et al., 1999; Stocker and Simoncelli, 2006). For instance, the sensory system may allocate
sensory coding resources such that it is optimally adapted to represent the current stimulus
(Wei and Stocker, 2017; Wei and Stocker, 2015). For temporally stable visual input, in which cur-
rent stimulus features are similar to previous ones, an optimally efficient allocation of encoding
resources entails that more resources should be dedicated to stimulus features encountered in the
recent history. As a consequence, the most likely stimulus, as predicted from the sensory history, is
represented with highest fidelity. Here, we implemented an observer model that predicted the ori-
entation of an upcoming stimulus based on previous sensory measurements and subsequently allo-
cated sensory encoding resources such that the mutual information between the predicted stimulus
and its sensory representation was maximized (Figure 6B; Wei and Stocker, 2015 and 'Efficient
encoding model with history-independent decoding’ in Materials and methods). For this observer,
repulsive adaptation biases then result not from changes to the prior, but from changes in the sen-
sory representation of the current stimulus; in other words in the likelihood function. Due to biased
allocation of encoding resources, the likelihood function of a current stimulus often becomes asym-
metric, with a long tail away from the most likely predicted stimulus orientation (Wei and Stocker,
2015; Figure 6B). Any subsequent ‘readouts’ of this likelihood function by downstream decoders,
which take the full likelihood function into account, will consequently be biased away from the pre-
dicted stimulus.

We found that such an observer with optimally efficient encoding at the likelihood stage, but no
influence of the sensory history on the decoding stage (i.e. a uniform, history-independent decoding
prior), is able to produce long-term repulsive biases. However, this observer additionally results in
repulsive and not attractive biases in response to the most recently experienced stimuli (Figure 7—
figure supplement 2). Therefore, an observer with efficient coding alone is not able to capture the
transition from short-term attractive to long-term repulsive biases observed in the empirical data.

Neither an observer in which sensory history influenced only Bayesian decoding nor only efficient
encoding was able to reproduce the pattern of attractive and repulsive biases that we observed in
perceptual decisions. An intriguing possibility is that the coexisting attractive and repulsive biases
might arise from a concurrent optimization of both encoding and decoding according to the sensory
history. We tested this idea by developing an ideal observer model with both efficient encoding and
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Figure 6. Bayesian decoding and efficient encoding of orientation information in a stable environment. (A)
Bayesian decoding. Orange box: The observer encodes a grating stimulus with orientation 6 into a noisy
measurement m. Since the noisy measurement is uncertain, it is consistent with a range of orientations, described
by the likelihood function. The likelihood is combined with prior knowledge to form a posterior, which describes
the observer's knowledge about the current stimulus orientation. The final orientation estimate is taken as the
posterior mean. Blue box: In a stable environment, the observer can leverage knowledge about previous stimuli
for improving the current estimate. To predict the current stimulus orientation, the observer combines a model of
orientation changes in a stable environment, represented by a transition distribution (green box), with knowledge
about previous stimuli, that is previous posteriors. Predictions based on previous stimuli are integrated into
recency-weighted mixture prior, using exponential integration weights. This mixture prior is subsequently used for
Bayesian inference about the current stimulus. (B) Efficient encoding. The observer maximizes the mutual
information between the sensory representation and physical stimulus orientations by matching the encoding
accuracy (measured as the square root of Fisher information J(8)) to the prior probability distribution over current
stimulus orientations. In a stable environment, this prior distribution can be informed by previous sensory
measurements. With some assumptions about the sensory noise characteristics (see Materials and methods), the
likelihood function of new sensory measurements is fully constrained by the Fisher information. The likelihood
function is typically asymmetric, with a long tail away from the most likely predicted stimulus orientation. For
details see Materials and methods and Wei and Stocker, 2015.
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Figure 7. Empirical biases and ideal observer predictions. Left column: An observer with efficient encoding and history-dependent Bayesian decoding
(green) accurately captures the empirical magnitudes of short-term attractive and long-term repulsive biases exerted by the 1- to 20-back trials of
Experiment 1-3 (grey). In contrast, an observer with Bayesian decoding (orange) only produces positive biases, but cannot capture the long-term
repulsive biases. For each experiment, model bias amplitudes were estimated by simulating the observer model with the best fitting set of parameters
on the stimulus sequences shown to human participants, and fitting the resulting model response errors with a Derivative-of-Gaussian (DoG) curve.
Analogous to the analysis of human behavior, the amplitude parameter of the DoG curve was taken as the bias amplitude. Error bars represent 1 SD of
the bootstrap distribution of the empirical data. Right column: Both attractive (left) and repulsive biases (right) of the ideal observer model with efficient
encoding and Bayesian decoding (green) closely follow the average biases of human participants (black). The observer with Bayesian decoding (orange)
does not produce repulsive biases. Black shaded regions show the SEMs of the empirical data. Model fits to the full range of 1- to 20-back conditioned
response errors are shown in Figure 7—figure supplements 1 and 2. A comparison of cross-validated prediction accuracies of the different models is
shown in Figure 7—figure supplement 3. The best fitting parameters of the observer model with efficient encoding and history-dependent Bayesian
decoding are reported in Figure 7—figure supplement 5.

The online version of this article includes the following source data and figure supplement(s) for figure 7:

Source data 1. Empirical biases and ideal observer predictions.

Figure supplement 1. Serial dependence biases of an ideal observer with efficient encoding and history-dependent Bayesian decoding (green).
Figure supplement 2. Serial dependence biases of an ideal observer, in which sensory history influenced only Bayesian decoding (orange) or only
efficient encoding (blue).

Figure supplement 3. Cross-validated prediction accuracies of the four different observer models.

Figure 7 continued on next page
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Figure supplement 4. Normalized variability of estimation response errors as a function of the orientation difference between current and n-back trial.
Figure supplement 5. Best fitting parameters of the observer model with efficient encoding and history-dependent Bayesian decoding (Full efficient-
encoding-Bayesian-decoding model).

history-dependent Bayes optimal decoding of sensory information (see ‘Full efficient-encoding-
Bayesian-decoding model’ in Materials and methods). In this observer, efficient coding determined
the shape of the likelihood function during the encoding of the current stimulus orientation, whereas
Bayesian decoding prescribed how this likelihood function was subsequently integrated with a prior
prediction about the current stimulus orientation. Importantly, we allowed predictions used for opti-
mizing encoding and decoding to be based on potentially distinct transition distributions and inte-
gration time constants. This was motivated by the possibility that encoding transition models in low-
level sensory circuits could be relatively inflexible and learned over the organism’s lifetime, whereas
higher-level transition models used for decoding are likely context- and task-dependent
(Fischer et al., 2020) and learned quickly, within minutes to hours (Braun et al., 2018).

We found that this ideal observer model with efficient encoding and history-dependent Bayesian
decoding was able to faithfully reproduce short-term attraction and long-term repulsion biases
across all three experiments (Figure 7 and Figure 7—figre supplement 1). It predicted estimation
biases better than observers, in which sensory history only influenced Bayesian decoding or only effi-
cient encoding (Figure 7—figre supplement 3; cross-validated prediction accuracy, Exp. 1: r = 0.58
vs. 0.29 and 0.27; Exp. 2: r = 0.53 vs. 0.38 and 0.20; Exp. 3: r = 0.66 vs. 0.32 and 0.42). Furthermore,
the observer captured estimation biases far better than an observer in which efficient encoding and
Bayesian decoding were based on the same predictions, using the identical transition distribution
and integration time constant (see "Efficient-encoding-Bayesian-decoding model (single prior)" in
Materials and methods; cross-validated prediction accuracy, Exp. 1: r = 0.58 vs. 0.29; Exp. 2: r =
0.53 vs. 0.20; Exp. 3: r = 0.66 vs. 0.42). Crucially, we found that predictions for efficient encoding
and Bayesian decoding were integrated over different timescales. Bayesian decoding was based on
predictions with a short half-life, thus only integrating information of the most recent trials (decoding
t12: Exp. 1: 4.59 s; Exp. 2: 4.47 s; Exp. 3: 3.94 s). Conversely, predictions used for efficient encoding
were integrated over a longer timescale, as indicated by substantially longer half-lives (encoding ty,
20 Exp. 1: 40.10 s; Exp. 2: 18.94 s; Exp. 3: 30.99 s). Moreover, we observed that transition distribu-
tions, reflecting internal models of orientation changes occurring in the environment, were broader
at the encoding compared to decoding stage across all three experiments (Exp. 1: o, = 11.28" vs
8.35%; Exp. 2: 0, = 13.02° vs 9.14%, Exp. 3: o, = 21.77° vs 9.75°). This suggests that the observer
expects orientation information to be more variable at encoding compared to decoding. One specu-
lative explanation is that the encoding transition model captures more variable orientation changes
in spatially localized, retinotopic regions of the visual field, whereas the decoding transition model
captures more stable orientation transitions between successively attended features across a broad
region of visual space.

Finally, we sought to corroborate evidence for the involvement of efficient encoding principles in
the present experiments. The current efficient coding scheme prescribes that more encoding resour-
ces should be dedicated to stimulus features encountered in the recent history. Next to inducing
repulsive biases, such a reallocation of encoding resources would increase the fidelity of stimulus
representations that are similar to recently encountered orientations, by narrowing the width of the
likelihood function. From this follows the prediction that estimation responses should be less variable
when current and previous stimulus orientation are similar. We indeed observed a marked reduction
in response variability when the current and 1-back stimulus were of similar orientation (SD reduction
- Exp. 1: —0.99°+0.18; Exp. 2: —0.59°+0.14; Exp. 3: —0.62°+0.12; Figure 7—figure supplement 4;
for details see Materials and methods). However, variability estimates for temporally more distant
stimuli were noisy and did not exhibit a consistent reduction for similarly oriented n-back stimulus
orientations (Figure 7—figure supplement 4), so we did not find evidence for a slow decay in vari-
ability, as we reported for the repulsive bias.

Together, the current findings indicate that the coexisting attractive and repulsive biases in per-
ceptual decisions may originate from the concurrent optimization of efficient encoding and Bayes-
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optimal decoding of visual information. Furthermore, our model suggests that human observers use
distinct predictions, accumulated over different timescales of the perceptual history, to optimize
encoding and decoding of sensory information in a stable environment.

Discussion

The goal of the current study was to disentangle and understand repulsive and attractive biases in
perceptual decision making by exploring the respective timescales over which current visual process-
ing is influenced by the perceptual history. Across four experiments, we show that perceptual esti-
mates are attracted towards recently seen stimuli, but repelled from stimuli encountered further in
the past. The long-term repulsive bias was spatially specific, directly altered the perceived orienta-
tion of the current stimulus, and appeared to be only weakly or not at all modulated by the current
working memory delay. These findings clearly point towards a low-level sensory encoding origin of
the long-term repulsive bias. In contrast, attraction biases were short-lived, spatially unspecific and
they were modulated by the working memory delay on the current trial. To further disentangle
attractive and repulsive biases and to elucidate the computational principles underlying these history
dependencies, we developed an ideal observer model that combined efficient encoding with Bayes-
optimal decoding of sensory information. This model was able to capture both short-term attractive
and long-term repulsive serial dependencies across all perceptual estimation experiments. Exploiting
the temporal stability of the environment according to efficient encoding and Bayesian decoding
principles may enable our brains to achieve two concurrent goals of perceptual decision-making. By
efficiently allocating sensory encoding resources, the visual system can maximize its sensitivity to
small changes in the environment. Concurrently, Bayes-optimal integration of current noisy sensory
measurements with predictions based on recent sensory input guards visual processing against insta-
bilities, effectively smoothing visual representations across time. This ideal observer model thus illus-
trates a principled way in which observers can exploit the temporal stability in the environment,
using different mechanisms across multiple processing stages, to optimize visual processing.

Distinct timescales of attractive and repulsive serial dependencies
Across three perceptual estimation experiments, we found that while the current estimation
response is attracted towards the most recently perceived stimuli, it is simultaneously repelled from
stimuli seen further in the past. Based on our ideal observer model, we estimate that the attractive
influence of a previous stimulus decreases exponentially and is reduced to half of its initial magni-
tude after ~4.5 s. This exponential half-life is in line with previous studies, which found attractive
serial dependencies to decay over a relatively short time period of about 10-15 s (Fischer and Whit-
ney, 2014; Suarez-Pinilla et al., 2018; Van der Burg et al., 2019). Conversely, timescale estimates
of repulsive adaptation effects in response to brief stimuli have been more variable. Several studies
have reported short-lived adaptation, persisting no more than a few seconds (Kanai and Verstraten,
2005; Pastukhov and Braun, 2013; Pastukhov and Braun, 2013; Pavan et al., 2012). However,
recent studies found that initial attraction biases are replaced by long-term repulsive biases that
extend many trials into the past (Gekas et al., 2019; Gordon et al., 2019; Suarez-Pinilla et al.,
2018), potentially lasting for minutes (Chopin and Mamassian, 2012; but see Maus et al., 2013).
Our current findings are in line with these latter reports of long-term repulsive adaptation. We esti-
mate the repulsive bias reaches half of its initial magnitude after 20 to 40 s and this is thus marked
by a distinctly slower decay compared to the short-term attraction bias. Importantly, several of the
previous studies reporting long-term repulsive biases measured perceptual decisions in two-alterna-
tive forced choice paradigms (Gordon et al., 2019), while employing repeated presentations of a
limited set of stimuli (Chopin and Mamassian, 2012; Gekas et al., 2019). In the current study we
demonstrate that long-term repulsive biases are similarly present in two-alternative forced choice
(Experiment 4) and continuous report paradigms (Experiment 1-3), even when presenting continu-
ously varying stimuli from the full range of possible orientations. Thus, repulsive biases are unlikely
to arise due to artifacts of the measurement method or necessitate the repeated presentation of the
same stimuli, but present a genuine perceptual bias arising from the brief exposure to individual
stimuli experienced seconds to minutes in the past.

Notably, opposite effects to ours have also been reported in the literature (Dekel and Sagi,
2015). In particular, Dekel and Sagi observed short-term repulsive biases followed long-term

Fritsche et al. eLife 2020;9:€55389. DOI: https://doi.org/10.7554/eLife.55389 13 of 32


https://doi.org/10.7554/eLife.55389

eLife

Neuroscience

attraction, when observers adapted to natural image stimuli. However, note that the long-term
attraction biases were likely explained by response correlations, which are absent in the present
experiments (see Dekel and Sagi, 2015, sections 3.4 and 4.4.).

One outstanding question is whether short-term attractive and long-term repulsive biases decay
as a function of physical time, or as a function of intervening visual events. We estimated relatively
similar half-lives of the temporal decay of both attractive and repulsive biases across estimation
experiments, even though experiments differed in their average trial durations (5.37, 6.55 and 8.25
s). This may suggest the decay is mainly determined by intervening time and not the frequency of
stimulus presentations. However, estimation experiments also differed in other aspects of experi-
mental design, complicating a direct comparison between experiments. Furthermore, the only
source of temporal variability within the current experiments was introduced via the self-paced esti-
mation responses, leading to only minor temporal jitter across trials (in other words, intervening
time and intervening trials were very highly correlated). This renders the current experiments unsuit-
able for distinguishing the role of elapsed time and intervening stimulus presentations for the history
decay. Future studies may investigate this question more specifically, by experimentally dissociating
time and the frequency of stimulus presentations.

Repulsive and attractive biases can be explained by efficient encoding
and Bayesian decoding of visual information

Previous studies proposed that attractive biases in perceptual estimates towards the previous stimu-
lus arise from a probabilistically optimal strategy of decoding sensory information into a perceptual
decision (Cicchini et al., 2018; Kalm and Norris, 2018; van Bergen and Jehee, 2019). In a stable
environment, integrating current noisy sensory measurements with information about previous stim-
uli generally results in more accurate perceptual estimates, compared to relying on noisy sensory
measurements alone. Effectively, such a Bayesian integration of previous and current visual informa-
tion would smooth perceptual representations over time, thereby promoting visual stability in the
face of disruptive factors, such as eye blinks and external and internal noise. However, in the current
study, we show that the temporal pattern of history biases is more complex, consisting of a superpo-
sition of concurrent attractive and repulsive biases, which cannot be explained by an observer model
based on Bayesian decoding of visual information alone. Importantly, this not only shows that a
Bayesian observer model is inadequate to explain the full pattern of history dependencies in percep-
tual estimates, but the inability of the Bayesian observer to capture both short-term attraction and
long-term repulsion biases also indicates that the long-term repulsion biases are not an artifact
resulting from short-term attraction biases in combination with random input fluctuations
(Maus et al., 2013). Rather, the spatial specificity (Experiment 2) and the presence in immediate per-
ceptual comparisons to a reference stimulus (Experiment 4) suggest a low-level sensory origin of the
long-term repulsive bias, akin to sensory adaptation (Gibson and Radner, 1937).

Prominent theories of sensory adaptation posit that repulsive biases may arise as a consequence
of optimally efficient encoding of visual information in a stable environment. In particular, repulsive
biases may arise due to self-calibration and decorrelation (Barlow and Féldidk, 1989,
Clifford et al., 2000; Miiller et al., 1999), or an increase in the signal-to-noise ratio for measure-
ments similar to recently perceived stimuli (Stocker and Simoncelli, 2006). In line with the latter pro-
posal, we here developed a model in which repulsive adaptation biases arise as a consequence of
efficient allocation of sensory coding resources (Wei and Stocker, 2017, Wei and Stocker, 2015).
Since in a temporally stable visual environment new visual input is likely to be similar to recent input,
the visual system can exploit the sensory history to strategically allocate sensory coding resources
such that the mutual information between the likely physical stimulus and its sensory representation
is maximized. Such an efficient allocation of sensory resources increases sensitivity to small changes
in the input, in line with previous findings of improved discriminability following adaptation
(Clifford et al., 2001; Mattar et al., 2018; Regan and Beverley, 1985). At the same time, it leads
to a repulsive bias of perceptual estimates, away from previous stimulus orientations, thus producing
classical sensory adaptation effects.

Across three experiments involving perceptual estimation tasks, we show that an ideal observer
with efficient encoding together with Bayesian decoding can adequately capture the pattern of
short-term attraction and long-term repulsion biases in perceptual estimates. This observer model
provides a framework for explaining how the visual system exploits temporal regularities in the input
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to achieve sensitivity to changes in the environment, while at the same time maintaining stable visual
processing of visual information. Importantly, however, our model indicates that efficient encoding
and Bayesian decoding are based on distinct priors, accumulating previous stimulus information over
different timescales and employing distinct internal models of naturally occurring input changes. In
particular, at the encoding stage, the prediction about the upcoming stimulus is based on many pre-
vious stimulus encodings, reaching far into the past. Conversely, the prediction used for Bayesian
decoding is solely based on previous stimulus information encountered in the most recent past (pre-
vious 2-3 trials). Moreover, the transition distribution, reflecting an internal model of naturally occur-
ring orientation changes, is broader at the encoding compared to the decoding stage, suggesting
that the observer expects successive orientation samples to be less stable at encoding compared to
decoding. As a consequence, the efficient allocation of encoding resources is less biased to any par-
ticular previous stimulus, but more broadly influenced by the long-term history of visual stimulation.
In contrast, at decoding, the relatively stronger contribution of the short-term history to the Bayesian
decoding prior leads to a dominating attractive influence of the most recent stimuli, but no influence
of long-term stimulus history.

We may speculate on the reasons for the distinct timescales and transition models for efficient
encoding and Bayesian decoding. At encoding, the long integration timescale and broad transition
model, which effectively diffuse and smooth prior information across time, may reflect the need to
adapt to long-term perturbations in visual processing or slowly changing input statistics without
over-adjusting to the rapidly changing low-level input at spatially localized, retinotopic regions of
the visual field. In contrast, the more narrow transition model and short integration timescale at
decoding may be tuned to more stable orientation transitions between briefly attended features
across a broad region of visual space. However, such explanations remain speculative at this
moment. More extensive characterizations of the spatiotemporal statistics of natural visual input and
visual information processing will be needed to advance our understanding of the principles underly-
ing the distinct encoding and decoding priors. In this regard, it will also be interesting to study
whether observers can flexibly modify encoding and/or decoding transition models in response to
experimentally induced temporal regularities in visual input. There is evidence that human observers
can indeed adapt to simple temporal regularities after relatively brief exposure (Braun et al., 2018),
and our ideal observer model provides a framework to understand changes in internal transition
models across multiple stages of the perceptual decision-making process.

The current model in which attraction biases are due to Bayesian decoding of sensory information
provides a parsimonious explanation for the increase of attractive serial dependence biases with
working memory delay (Experiment 3; Bliss et al., 2017; Papadimitriou et al., 2015), and the
absence of short-term attraction biases in the perceptual comparison task of Experiment 4. In partic-
ular, Bayesian decoding posits that the attractive serial dependence bias is dependent on the rela-
tive widths of sensory likelihood and prior. When sensory likelihoods are relatively narrow, briefly
after the initial encoding of the sensory stimulus, the prior has little influence on the resulting poste-
rior, leading only to small attraction biases. As the sensory representation degrades during working
memory retention, and the likelihood becomes increasingly broader, the influence of the prior
increases. As a result, the posterior will be increasingly pulled towards the prior, leading to an
increase in attraction during working memory retention. Importantly, in Experiment 4, observers
could make their perceptual decision about the perceptual comparison stimuli while the stimuli were
simultaneously presented on the screen, minimizing the influence of working memory noise and pre-
sumably leading to relatively narrow sensory likelihoods at the time of the perceptual decision. As
outlined above, this would lead to a strong reduction or even absence of attraction biases in this
scenario, consistent with the absence of attraction biases in Experiment 4. Furthermore, in agree-
ment with this proposal, it has recently been found that attractive biases can arise early after stimu-
lus offset when visual stimulation is very weak (Manassi et al., 2018), leading to a broad likelihood
function, and are stronger for more uncertain stimulus representations (Cicchini et al., 2018,
van Bergen and Jehee, 2019). Whether such a Bayesian decoding computation operates continu-
ously during working memory retention, causing systematic drifts in working memory representa-
tions over time (Panichello et al., 2019; Wolff et al., 2020), or occurs only once during the final
read-out of the working memory representation is an exciting question for future research.

The current model bears some similarity to a recently proposed two-process model of serial
dependence in which repulsive biases are mediated by sensory adaptation, in the form of gain
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changes in low-level perceptual neural populations, whereas attractive biases arise due to persistent
read-out biases at a higher-level decisional units (Pascucci et al., 2019). A key distinction to the
model by Pascucci et al. is that the current model of repulsive adaptation and attractive serial
dependence is based on a normative framework of efficient encoding and Bayesian decoding of
visual information. At the same time, the current model is agnostic to the neural implementation
underlying efficient encoding and Bayesian decoding. In fact, at the level of neural population tun-
ing, efficient encoding could be realized by multiple alternative mechanisms, involving changes in
the location, width and/or gain of neural tuning curves of sensory neurons (Wei and Stocker, 2015).
Similarly, Bayesian decoding could be achieved by combining predictions with sensory information
in low-level sensory circuits via feedback mechanisms or later integration in mid- and high-level visual
areas. The model by Pascucci et al., which models a potential neural implementation of history
biases, and the current model are therefore not mutually exclusive, but rather reside at two different
levels of explanation. Notably, however, if human visual processing indeed follows the computational
goals of efficient encoding and Bayesian decoding of visual information, this will put important con-
straints on the neural mechanisms that need to fulfill these goals.

The general premise that repulsive biases arise at a low-level encoding stage, whereas attractive
biases arise at a higher-level decoding stage is well supported by recent empirical findings. For
instance, it has been shown that in contrast to repulsive adaptation, attractive serial dependence
biases are strongly dependent on attention (Fischer and Whitney, 2014, Fritsche and de Lange,
2019; Sudrez-Pinilla et al., 2018), and are modulated by subjective confidence (Samaha et al.,
2019; Suarez-Pinilla et al., 2018). Furthermore, in contrast to repulsive adaptation biases, which
exhibit a clear spatial specificity (Figures 3 and 5; Knapen et al., 2010), attractive serial dependen-
cies appear to have a very broad spatial tuning (Collins, 2019; Fischer and Whitney, 2014,
Fritsche et al., 2017) and have been shown do increase during the post-perceptual working-mem-
ory delay period (Bliss et al., 2017; Fritsche et al., 2017, Papadimitriou et al., 2015). A recent
study showed that attractive serial dependencies are abolished when backward-masking the previ-
ous inducer stimulus, suggesting a role of high-level feedback processing in attractive serial-depen-
dence (Fornaciai and Park, 2019). Conversely, repulsive adaptation was not affected by masking,
consistent with feedforward changes in local, low-level neural circuits underlying adaptation. More-
over, a recent study found that attractive serial dependences can be modulated by contextual fea-
tures, such as stimulus color or serial position in a trial, suggesting a more selective integration of
prior information at the higher-level decoding stage (Fischer et al., 2020). Finally, there is evidence
that repulsive adaptation and attractive serial dependence map onto distinct cortical networks
(Schwiedrzik et al., 2014). While adaptation was confined to posterior regions, comprising early
visual cortex, a more widespread network of higher-level visual and fronto-parietal areas was
involved in attractive serial dependence.

Despite the above empirical evidence that points towards low- and high-level visual processing as
the source of repulsive and attractive history biases, one may wonder to which extent the current
biases could be explained by temporal dependencies in low-level motor processing instead. There
are several arguments against a systematic influence of motor biases in the present experiments.
First, in each trial of the perceptual estimation tasks (Experiments 1-3), the initial orientation of the
response bar was randomly selected from the range of all possible orientations (0180], and thus the
motor actions required for adjusting the response bar to a particular orientation were independent
across trials. Second, several previous studies have shown that an explicit reproduction response is
not necessary to elicit an attraction bias on the next trial (Czoschke et al., 2019; Fischer and Whit-
ney, 2014; Suarez-Pinilla et al., 2018), that perceptual decisions are attracted towards the pre-
sented stimulus orientation rather than a mirrored response orientation (Cicchini et al., 2017), and
that attraction biases occur even when performing a different task (and response) on the previous
stimulus (Fritsche and de Lange, 2019). Together, these studies strongly suggest that short-term
attractive serial dependencies are not due to low-level motor biases. Furthermore, it seems unlikely
that low-level motor biases would lead to larger attraction biases with increasing working memory
delay (Experiment 3) and that they would induce spatially specific long-term repulsion biases (Experi-
ments 2 and 4). Additional evidence against an involvement of motor biases in the long-term repul-
sion effect is provided by Experiment 4. In this experiment, participants alternate between a
reproduction task and 2-AFC task, which require very different motor responses. Furthermore, stim-
uli in Experiment 4 were counterbalanced such that simple motor biases in the 2-AFC task (e.g. a
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previous response to a leftward tilted stimulus in the reproduction task induces a bias to press the
left response button in the 2-AFC task) would not induce systematic biases in the analysis of the per-
ceptual comparison data. Taken together, while there is evidence for temporal dependencies in low-
level motor responses (Pape and Siegel, 2016), the above points provide strong arguments against
a systematic influence of such dependencies on the current estimate of short-term attraction and
long-term repulsion biases in perceptual decisions.

Finally, next to short-term attraction between successive stimuli with similar orientations, in Exper-
iment 2 and 3 we observed systematic short-term repulsion when the orientation difference between
current and previous stimuli was large (>60°; see Figures 3B and 4B), in line with previous findings
(Fritsche and de Lange, 2019; van Bergen and Jehee, 2019). In the current study, we specifically
focused on short-term attraction biases between similar stimuli and the current ideal observer model
does not capture the repulsion biases between highly dissimilar stimuli. We previously found that
while the attraction bias between stimuli with similar orientations were strongly dependent on atten-
tion to previous stimulus features, the repulsion bias for dissimilar stimuli was not modulated by
attention (Fritsche and de Lange, 2019). This dissociation speaks against a model in which attrac-
tion of similar and repulsion of dissimilar stimuli are mediated by the same Bayesian decoding pro-
cess. Rather, the short-term repulsion effect could reflect an encoding bias, that is sensory
adaptation. While the repulsion bias of the previous stimulus is indeed partly captured by the effi-
cient encoding component in Experiment 3 (Figure 7, lower row), it is not accounted for in Experi-
ment 2 (Figure 7, middle row). Furthermore, in Experiment 1, repulsion by previous dissimilar stimuli
is absent, even though long-term repulsion effects are clearly present (Figure 7, upper row). This
suggests that long-term and short-term repulsion biases are (at least partially) independent. Taken
together, more research is necessary to elucidate the nature of the repulsion biases for large orienta-
tion differences and their potential relationship to efficient encoding and Bayesian decoding of sen-
sory information.

Limitations

It should be noted that current ideal observer model with efficient encoding and Bayesian decoding
is based on several assumptions. For instance, we assumed a particular efficient coding scheme in
which the observer maximizes the mutual information between physical stimuli and sensory repre-
sentations (Wei and Stocker, 2015). Due to the efficient reallocation of encoding resources to stim-
ulus features encountered in the recent history, this efficient encoding scheme makes the prediction
that estimation responses should be less variable when current and previous stimulus orientation are
similar. While we indeed observed a short-term reduction of response variability when current and
previous stimuli were similar, variability estimates for temporally more distant stimuli were noisy and
did not exhibit a consistent reduction for similarly oriented n-back stimulus orientations, so we did
not find evidence for a slow decay in variability, as we reported for the repulsive bias. Thus, we were
not able to fully confirm the predicted changes in encoding fidelity for temporally more distant trials.
Future studies may specifically test whether long-term repulsive biases are accompanied by reduc-
tions in discrimination thresholds, as predicted from the efficient coding scheme based on the maxi-
mization of mutual information. There exist alternative formulations of efficient coding, such as
minimizing redundancy (Barlow, 1961) or reconstruction error (Wang et al., 2012). Encoding effi-
ciency may also depend on the specific task context for which the encoded information is used.
Since low-level orientation information is likely used for many different tasks, the current efficient
coding scheme in which a more generic information criterion is optimized may represent a good
general strategy for the visual system (Wei and Stocker, 2015). A further assumption is that the
observer reads out the mean of the posterior distribution at the Bayesian decoding stage. This
presents the optimal strategy for minimizing the expected squared error (Ma, 2019), but it is unclear
whether the visual system employs this strategy. It is important to note that different encoding
schemes and read-out rules may or may not lead to similar predictions. More work is needed to
explore the validity of these assumptions and the consequences for modeling attractive and repul-
sive history dependencies.

Notably, the effects of adaptation on neural tuning are diverse, and may depend on many stimu-
lus parameters such as stimulus size and duration in non-trivial ways (Patterson et al., 2014;
Patterson et al., 2013). Several neural mechanisms, such as stimulus-specific fatigue and suppres-
sive normalization, have been proposed to underly these neural tuning changes (Solomon and
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Kohn, 2014) and have been related to functional explanations of adaptation, such as efficient cod-
ing (Schwartz et al., 2007), modulations of stimulus salience (McDermott et al., 2010;
Wissig et al., 2013), and prediction (Chopin and Mamassian, 2012). Importantly, the current study
cannot explicitly rule out such alternative explanations of repulsive adaptation biases. Rather, here
we seek to illustrate a principled way in which the visual system can exploit the temporal stability in
the environment across multiple processing stages. Future studies will need to investigate how pop-
ulation-level changes in neural responses may support these different functional explanations of
adaptation, respectively.

Conclusion

Our results demonstrate that visual processing is concurrently influenced by repulsive encoding and
attractive decoding biases, operating over distinct timescales. While attractive decoding biases are
confined to the immediately preceding stimuli, repulsive encoding biases decay at a distinctly slower
rate. The temporal pattern of short-term attraction and long-term repulsion can be well captured by
an ideal observer model with efficient encoding and Bayesian decoding of visual information in a sta-
ble environment. This model illustrates a principled way in which observers can exploit the temporal
stability in the environment across multiple processing stages to concurrently achieve efficient and
stable visual processing.

Materials and methods

General methods

Participants were recruited from the institute’s subject pool and received either monetary compensa-
tion or study credits. All participants provided written informed consent prior to the start of the
experiments. All experiments were approved by the Radboud University Institutional Review Board
(CMO region Arnhem-Nijmegen, The Netherlands; Protocol CMO2014/288). Participants reported
normal or corrected-to-normal visual acuity. Stimuli were generated with the Psychophysics Toolbox
for MATLAB and were displayed on a 24" flat panel display (Benq XL2420T, resolution 1920 x 1080,
refresh rate: 60 Hz). Participants viewed the stimuli from a distance of 53 cm in a dimly lit room, rest-
ing their head on a table-mounted chinrest. All data analyses were performed with MATLAB.

Experiment 1

Participants

Twenty-three naive participants (15 female, age 19-29 years) took part in Experiment 1. The sample
size was chosen to achieve approximately 80% power for detecting experimental effects that had
least a medium effect size (Cohen’s d > 0.5) with a one-sided test at an alpha level of 0.05.

Stimuli and design

The sequence of events within each trial is illustrated in Figure 1. Throughout the experiment, a cen-
tral white fixation dot of 0.3° visual angle diameter was presented on a mid-grey background. Partici-
pants were instructed to maintain fixation at all times. First, a randomly oriented Gabor stimulus
(windowed sine wave grating) was presented left or right of the fixation dot at 6.5° eccentricity. The
side of stimulus presentation was constant within a block, but alternated across separate, interleaved
blocks. The Gabor stimulus could either have a low or high spatial frequency (0.33 or 0.5 cycles/°)
and had a fixed phase. We introduced the spatial frequency manipulation to investigate a different
research question, unrelated to the current investigation of the timescales of positive and negative
serial dependence biases, and thus ignored this manipulation in our subsequent analyses. Gabor
stimuli were presented at 25% Michelson contrast, and windowed by a Gaussian envelope (1.5" s.d.).
After 500 ms, the Gabor stimulus was replaced by a noise patch, presented for 1000 ms, to minimize
effects of visual afterimages. The noise patch consisted of white noise, smoothed with a 0.5 s.d.
Gaussian kernel and windowed by a Gaussian envelope (1.5 s.d.). Following the offset of the noise
patch and a delay of 250 ms, a randomly oriented response bar (0.3° wide white bar windowed by a
0.8° Gaussian envelope) appeared at the same location. The participants’ task was to adjust the
response bar such that it matched the orientation of the Gabor patch seen just before. Once
adjusted to the desired position, the response was submitted by pressing the space bar. The
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response was followed by a 2 s inter-trial-interval. Each participant completed a series of 820 trials,
divided into 10 blocks, run in a single experimental session.

Data analysis

Outlier correction

Prior to analyzing serial dependence biases, we discarded those trials in which the response error
(shortest angular distance between stimulus and response orientation) was further than three circular
standard deviations away from the participant’s mean response error. This was done in order to
exclude trials on which the participant gave random responses due to blinks or attentional lapses
during stimulus presentation as well as due to inadvertent responses. Subsequently, we subtracted
the mean response error from all responses to remove general clockwise or counterclockwise
response biases that were independent of the stimulus history. On average, 13.43 + 9.31 (mean +s.
d.) of 820 trials were excluded per participant and the mean absolute response error was 9.15+2.47
(mean *s.d.). Participants took on average 1.63 s to respond.

Quantifying serial dependence

We quantified the systematic biases of adjustment responses by the stimuli presented on the 40 pre-
ceding trials. For the immediately preceding (1-back) trial, response errors were expressed as a func-
tion of the difference between previous (1-back) and current stimulus orientation. For positive values
of this difference, the previous stimulus was oriented more clockwise than the current stimulus. Simi-
larly, positive response errors denote trials in which the response bar was adjusted more clockwise
than the stimulus. Consequently, data points in this error plot (Figure 2A) that have x- and y-values
of the same sign represent trials in which the response error was in the direction of the previous
stimulus orientation. In order to quantify the systematic bias, we pooled the response errors of all
participants and fitted the first derivative of a Gaussian curve (DoG, see Fischer and Whitney, 2014)

to the group data. The DoG is given by y = xawce=(")", where x is the relative orientation of the pre-
vious trial, a is the amplitude of the curve peaks, w is the width of the curve and c is the
constant /2/¢~%%. The constant c is chosen such that parameter a numerically matches the height
of the curve peak. The amplitude parameter a was taken as the strength of the serial dependence
bias, as it indicates how much the response to the current stimulus orientation could be biased
towards or away from a previous stimulus with the maximally effective orientation difference
between stimuli. For all model fits, the width parameter w of the DoG curve was treated as a free
parameter, constrained to a range of plausible values (w = 0.02-0.07, corresponding to curve peaks
between 10° and 35° orientation difference). To assess the systematic influence of n-back stimuli on
the current adjustment response, we repeated the above procedure, but conditioned response
errors on the difference between the n-back and current stimulus orientation. We only considered
trials, which had an n-back stimulus in the same experiment block. Consequently, when assessing 1-
back serial dependence, we discarded the first trial of each block. Conversely, for the 40-back analy-
sis, we discarded the first 40 stimuli of each block, that is nearly half of the data. Therefore, biases
by temporally more remote stimuli are estimated for a lower number of trials, reflected in the
increasing error bars for bias estimates (Figure 2C).

Statistical analysis

We used permutation tests to statistically assess serial dependence biases on the group level, sepa-
rately for each n-back stimulus. A single permutation was computed by first randomly inverting the
signs of each participant’s n-back conditioned response errors (i.e. changing the direction of the
response errors). This is equivalent to randomly shuffling the labels between the empirically
observed data and an artificial null distribution of no serial dependence (a flat surrogate response
error distribution) and subtracting the two conditions from each other per participant. Subsequently,
we fitted a new DoG model to the pooled group data and collected the resulting amplitude parame-
ter a in a permutation distribution. We repeated this permutation procedure 10,000 times. As p-val-
ues we report the percentage of permutations that led to (1) equal or higher values for a than the
one estimated on the empirical data, when the empirical estimate of a was positive, or (2) equal or
lower values for a than the one estimated on the empirical data, when the empirical estimate of a
was negative. As we conducted a two-sided test, we multiplied this p-value by two and set the
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significance level to o = 0.05. Subsequently, we Bonferroni-corrected for multiple comparisons,
resulting in a significance level of oo = 0.00125.

Quantifying variability of response errors

In order to test whether the variability of response errors was dependent on the relative orientation
difference between current and previous stimuli, we computed the standard deviation of response
errors in a 30° sliding window over relative orientation differences between current and previous
stimulus, separately for each participant. Subsequently, we normalized the resulting conditioned var-
iability estimates by subtracting each participant’s mean response variability estimate and averaged
the normalized variability estimates across participants. To quantify systematic changes in response
variability, we fitted the second derivative of a Gaussian curve (2-DoG) to the group data (Figure 7—

figre supplement 4). The 2-DoG is given by y = —a (2w22 — 1)e=™" 4 b, where x is the relative ori-
entation of the previous trial, a is the amplitude of the negative peak at x = 0, w controls the width
of the curve and b controls the vertical offset. The amplitude parameter a was taken as the strength
of the response variability modulation, as it indicates how much the response variability is reduced
when current and previous stimulus orientations are identical. For all model fits, the width parameter
w of the DoG curve was treated as a free parameter, constrained to a range of plausible values (w =
0.01 - 0.1). To assess the systematic influence of n-back stimuli on current response variability, we
repeated the above procedure, but conditioned response error variability on the difference between
the n-back and current stimulus orientation (Figure 7—figre supplement 4, right column).

Experiment 2

The data of Experiment 2 were collected as part of a previously published study, where we reported
on the bias exerted by the previous stimulus (Experiment 1 in Fritsche et al., 2017). Here, we reana-
lyzed this dataset to investigate biases exerted by stimuli encountered further in the past, when pre-
sented at the same or different spatial location as the current stimulus.

Participants

Twenty-five naive participants took part in Experiment 2. One participant was excluded from data
analysis due to difficulties in perceiving peripherally presented stimuli during the experiment. Thus,
data of twenty-four participants (19 female, age 18-27 years) were analyzed. This target sample was
chosen to achieve approximately 80% power for detecting experimental effects that had at least a
medium effect size (Cohen’s d > 0.5) with a one-sided test at an alpha level of 0.05.

Stimuli and design

Experiment 2 was similar to Experiment 1, but the location of stimulus presentation could change
between upper and lower half of the visual field on a trial-by-trial basis. Throughout the experiment,
a central white fixation dot of 0.25° visual angle diameter was presented on a mid-grey background.
Participants were instructed to maintain fixation at all times. First, a cue (white disc windowed by a
0.7° Gaussian envelope) appeared at 10" horizontal and 5° vertical eccentricity from fixation for 350
ms. Presentation in the left and right visual field was alternated in separate, interleaved blocks, while
presentation in the upper and lower visual field was pseudo-randomized across trials. After further
350 ms of fixation, a randomly oriented Gabor stimulus (windowed sine wave grating) was presented
at the same location as the cue. Gabor stimuli were windowed by a Gaussian envelope (1.5%s.d.), had
a spatial frequency of 0.33 cycles/” with fixed phase, and were presented at 25% Michelson contrast.
After 500 ms, the Gabor stimulus was replaced by a noise patch, presented for 1000 ms, to minimize
effects of visual afterimages. The noise patches consisted of white noise, smoothed with a 0.3° s.d.
Gaussian kernel, windowed by a Gaussian envelope (1.5° s.d.) and presented at 50% contrast. A
response bar (0.6° wide white bar windowed by a 1.3 Gaussian envelope) appeared 250 ms after the
offset of the noise patch at the same location. The participants’ task was to adjust the response bar
such that it matched the orientation of the Gabor stimulus seen just before. Once adjusted to the
desired position, the response was submitted by pressing the space bar. The response was followed
by a 2 s inter-trial-interval. Each participant completed a series of 808 trials, divided into eight
blocks. After each block, participants received feedback about their mean (absolute) response error.
The temporal sequence of stimulus presentations in the upper and lower visual field was
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counterbalanced with respect to the stimulus location of trial n and n-1. Consequently, on half of the
trials stimuli were presented at the same spatial location as the previous stimulus (same-location tri-
als), while on the other half of the trials the spatial location of current and previous stimulus changed
(different-location trials).

Data analysis

Outlier correction

We performed the same outlier correction and removal of the general (history-independent)
response bias as in Experiment 1. On average, 9.08 + 6.96 trials (mean +s.d.) of 808 trials were
excluded per participant and the overall mean response error was 7.21 + 1.45° (mean +s.d.). Partici-
pants took on average 2.10 s to respond.

Quantifying serial dependence

To estimate the systematic biases exerted by past stimuli, we performed the same DoG model fit-
ting procedure as described in Experiment 1. In order to gain statistical sensitivity, we focused on
the influence of the past 10 trials, for which Experiment one revealed the strongest repulsive biases.
This analysis was performed on all trials, regardless of spatial location. To investigate the spatial
specificity of the long-term repulsive bias, we subsequently pooled response errors conditioned on
4- to 9-back trials, which showed the overall strongest repulsive biases in this experiment. We subse-
quently split the data according to whether the current and 4- to 9-back stimulus were presented at
the same or a different spatial location and repeated the model fitting procedure separately for the
two subsets of data. This analysis captured how much the current adjustment response was biased
on average by a stimulus occurring 4 to 9 trials ago, depending on the spatial overlap between past
and current stimulus.

Statistical analysis

We statistically assessed the biases exerted by the 10 past stimuli, regardless of their spatial loca-
tion, using the same two-sided permutation test described in Experiment 1. The significance level
was first set to a = 0.05, and subsequently Bonferroni-corrected for multiple comparisons, resulting
in a significance level of o = 0.005. To test the spatial specificity of the repulsive bias, we conducted
a second permutation test. For each permutation, we randomly shuffled the condition labels of the
same-location and different-location condition of the pooled 4- to 9-back conditioned response
errors of each participant. We then fitted DoG models to the permuted conditions, pooled across
participants, and recorded the difference between the amplitude parameters a. We repeated this
procedure 10,000 times. As p-values, we report the percentage of permutations that led to an equal
or more extreme amplitude difference than the one we observed in the experiment, multiplied by a
factor of 2 to reflect the two-sided test. The significance level was set to o = 0.05. The exchangeabil-
ity requirement for permutation tests is met, because under the null hypothesis of no difference in
serial dependence between same-location and different-location conditions, the condition labels are
exchangeable.

Quantifying variability of response errors
The variability of response errors was quantified with the same procedure as described in Experi-
ment 1.

Experiment 3

The data of Experiment 3 were collected as part of a previously published study, where we reported
on the bias exerted by the previous stimulus (Experiment 4 in Fritsche et al., 2017). Here, we reana-
lyzed this dataset to investigate biases exerted by stimuli encountered further in the past, when the
working memory delay on the current trial was either short or long. Experiment 4 was conducted in
two separate sessions. Experimental sessions were conducted on different days, but scheduled no
longer than three days apart. The experimental procedures were similar across the two sessions.
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Participants

Twenty-five naive participants took part in Experiment 3. One participant aborted the experiment
during the first session due to nausea symptoms and was consequently excluded from the remainder
of the experiment and data analysis. Thus, data of 24 participants (15 female, age 18-30 years) were
analyzed. This target sample size was chosen to achieve approximately 80% power for detecting
experimental effects that had at least a medium effect size (Cohen’s d > 0.5) with a one-sided test
at an alpha level of 0.05.

Stimuli and design

The experiment was similar to Experiment 2 and unless otherwise stated, the stimulus parameters
were identical. At the beginning of each trial, the fixation dot briefly dimmed for 250 ms to indicate
the upcoming appearance of a randomly oriented Gabor stimulus. After further 250 ms, the Gabor
was presented at 6.5° horizontal eccentricity from fixation. Presentation in the left and right visual
field was alternated in separate interleaved blocks. After 250 ms, the Gabor was replaced by a noise
patch, also presented for 250 ms. The offset of the noise patch was followed by either a 50 ms (short
response delay) or a 3500 ms (long response delay) period of fixation. Subsequently, a randomly ori-
ented response bar appeared at the same location and participants adjusted the bar’s orientation to
reproduce the orientation of the Gabor seen just before. Participants were instructed to submit their
response by pressing the space bar within a fixed response period of 3000 ms. After submitting the
response, the bar disappeared from the screen. When participants failed to respond within the
response period, the fixation dot’s color briefly changed to red (250 ms). The response period was
followed by an inter-trial interval (ITI) with one of two lengths, contingent on the response delay: in
short response delay trials the ITI was 4200 ms, whereas in long response delay trials it was 750 ms.
This timing, together with the fixed response interval, ensured that the Gabor on the following trial
was always presented exactly 8 s after the offset of the Gabor on the current trial, regardless of the
length of the response delay. Each participant completed 1212 trials, divided into 12 blocks that
were distributed over two sessions. The duration of one session was ~110 min. After each block, par-
ticipants received feedback about their mean (absolute) response error, averaged over response
delays. The temporal sequence of short and long response delays was counterbalanced with respect
to the response delay of trial n and n-1, such that each combination of response delays on the cur-
rent and previous trial occurred equally often.

Data analysis

Outlier correction

We excluded those trials from further analysis in which the response error (shortest angular distance
between stimulus and response orientation) was further than three circular standard deviations away
from the participant’s mean response error. This was done separately for short and long response
delay trials in order to prevent a bias towards removing long delay trials, for which response error
distributions had a higher variance. Subsequently, we removed general clockwise or counterclock-
wise response biases that were independent of biases due to stimulus history by removing the mean
response error from each participant’s responses. For short response delay trials, an average of
9.25 + 5.78 trials (mean +s.d.) of 606 trials was excluded per participant. For long response delay tri-
als, 9.58 + 6.83 trials were excluded. Participants failed to give a response within the response
period in 18.38 + 22.27 trials. Mean (absolute) response errors were significantly larger for long
response delay trials than for short response delay trials (long: 9.14°+2.32; short: 7.67°+2.04; t(23) =
8.89, p=6.75 x 1077, paired t-test), indicating that the working memory representation of the
Gabor's orientation deteriorated during the response delay.

Quantification and statistical analysis of serial dependence

We statistically assessed the biases exerted by the 10 past stimuli, regardless of working memory
delay, using the same two-sided permutation test as described in Experiment 1 and 2. The signifi-
cance level was first set to oo = 0.05, and subsequently Bonferroni-corrected for multiple compari-
sons, resulting in a significance level of o = 0.005. To assess the modulation of the long-term
repulsive bias by current working memory delay, we employed a similar procedure as in Experiment
2. First, we defined a time window of interest, ranging from 2- to 6-back trials, for which the
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repulsive biases were generally most pronounced. We then pooled the response errors conditioned
on stimuli from this time window, and split these data according to the response delay on the cur-
rent trial. Similar to assessing the difference of serial dependence between same-location and differ-
ent-location trials in Experiment 2, we assessed the difference of serial dependence between short
and long response delay trials with a permutation test (see above). The significance level was set to
o = 0.05.

A priori, we hypothesized that the long-term repulsion bias would not be modulated by the work-
ing memory delay on the current trial. In order to quantify evidence for this null hypothesis, we
employed a Bayes Factor analysis. In contrast to the permutation tests described above, the Bayes
Factor analysis required us to estimate serial dependence biases on the participant level. In some
cases, appropriate DoG model fits to the participant’s data could not be obtained, as their data did
not strongly follow the DoG model’s shape. In order to obtain estimates of serial dependence on
the participant level independent of model fit, we used a model free quantification. To this end, we
averaged response errors of trials in which the n-back stimulus was oriented more clockwise or
counter-clockwise than the current stimulus, respectively. Subsequently, we subtracted the average
error on ‘n-back counterclockwise’ trials from the error on ‘n-back clockwise’ trials. The resulting esti-
mate was divided by 2, to reflect the participant’s average response error in the direction of the
n-back stimulus. Positive values indicated an attraction bias. The single participant estimates of 1-
back and 2- to 6-back serial dependence were subsequently used for conducting Bayesian t tests
with default Cauchy priors (scale 0.707).

Furthermore, to directly compare working memory delay modulations between short-term attrac-
tive and long-term repulsive biases (i.e. their interaction), we entered single participant estimates
into a repeated measures ANOVA with factors n-back (1-back vs. 2- to 6-back) and working memory
delay (short vs. long). As we were interested in the modulation of bias magnitudes, independent of
their direction, we entered the absolute values of bias estimates. The significance level was set to
o = 0.05.

Quantifying variability of response errors
The variability of response errors was quantified with the same procedure as described in Experi-
ment 1.

Experiment 4

The data of Experiment 4 were collected as part of a previous study, where we reported on the bias
exerted by the history-inducing stimulus on the current (Experiment 2 in Fritsche et al., 2017). Here,
we reanalyzed this dataset to investigate biases exerted by inducer stimuli encountered further in
the past.

Participants

The same 25 naive participants, who took part in Experiment 2, participated in Experiment 4. One
participant was excluded from data analysis due to problems of seeing peripherally presented stim-
uli during the experiments. Thus, data of twenty-four participants (19 female, age 18-27 years) were
analyzed.

Stimuli and design

In Experiment 4, participants had to perform two consecutive tasks on each trial (Figure 5A). First,
participants performed an adjustment task similar to that of Experiment 1, 2 and 3 (adjustment
response). Subsequently, two Gabor stimuli were presented (one at the location of the previous
adjustment response, and one at a location 20 visual degrees apart) and participants judged which
of the two stimuli was tilted more clockwise (two-alternative forced choice, 2AFC). Unless otherwise
stated, stimulus parameters where the same as in Experiment 2. First, a cue appeared at 10° horizon-
tal and 5° vertical eccentricity from fixation and informed participants about the location of the stim-
ulus whose orientation they would need to reproduce. Afterwards, two Gabor stimuli were
presented — one at the location of the cue, the other in the opposite hemifield — and subsequently
masked by two noise patches. Next, a response bar appeared at the location of the cued stimulus
and participants had to adjust the bar’s orientation to that of the stimulus. The submission of the
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response was followed by a 1300 ms period of fixation. The second half of each trial started with
two cues simultaneously presented for 350 ms. The cues were either presented at the same locations
as the adjustment stimuli (same-location trials), or 10° above or below, respectively (different-location
trials). After 350 ms of fixation, two Gabor stimuli were presented at the locations of the cues. Orien-
tations of both Gabor stimuli were constrained to the range of —14.5 and 14.5° around vertical and
the orientation difference between the stimuli was varied between —9 to 9° in steps of 3°. After 500
ms the stimuli were masked by noise patches, presented for 1000 ms. After the offset of the noise
patches, participants had to indicate which one of the two stimuli was oriented more clockwise (or
counterclockwise, instruction was varied in separate blocks) by pressing the left or right arrow key.
The response was followed by a 1,500 ms fixation period after which the next trial began. Crucially,
the orientations of the first set of stimuli (adjustment stimuli) were chosen as follows. The stimulus at
the cued location was tilted either —20 or 20° with respect to the 2AFC stimulus subsequently
appearing at the same side of fixation. This orientation difference was chosen, as it has been previ-
ously shown to induce maximally attractive serial dependence effects on perceptual choices
(Fischer and Whitney, 2014). The stimulus at the uncued location had a random orientation in the
range of —34.5 and 34.5°, the range in which all stimulus orientations fell. Thus, the stimulus orienta-
tion at the uncued location had no systematic relationship with either of the two 2AFC stimuli
appearing afterwards. Participants completed 8 blocks of 56 trials each. After each block, partici-
pants received feedback about their average (absolute) response error on the adjustment task and
accuracy on the 2AFC task. The order of same-location and different-location trials, as well as the tilt
direction and vertical position of the adjustment stimulus were counterbalanced and pseudo-ran-
domized across trials. Importantly, while we were previously concerned with the bias exerted by the
current inducer stimulus on the current perceptual comparison (2AFC judgment), here we investi-
gated the influence of previous trials’ inducer stimuli on the current perceptual comparison. The ori-
entation statistics of the experiment implied that those inducer stimuli of previous trials had relative
orientations ranging from —49 to 49" with respect to the current 2AFC stimulus appearing at the
same side of fixation.

Data analysis

The purpose of the adjustment phase of each trial was to introduce a stimulus history, which could
subsequently induce a bias in the perceived orientation of the Gabor presented later, at the same or
vertically nearby location. Hence, we refer to the adjustment stimulus as the inducer stimulus. While
we were previously concerned with the bias exerted by the inducer stimulus presented on the same
trial as the subsequent 2AFC stimuli, here we investigated whether inducer stimuli, presented on
previous trials, bias the perceptual comparison of the 2AFC stimuli on the current trial. To this end,
we binned the data into two bins according to the influence of the n-back inducer stimulus on the
current 2AFC response that would be expected under repulsive adaptation. For instance, for a trial
in which the 2AFC stimulus in the right visual field was preceded by a more counterclockwise n-back
inducer, repulsive adaptation would bias the perceived orientation of the right stimulus in the clock-
wise direction. Consequently, when judging which 2AFC stimulus was oriented more clockwise,
choosing the stimulus in the right visual field would be facilitated. Similarly, for a trial in which the
2AFC stimulus in the left visual field was preceded by a more clockwise n-back inducer, repulsive
adaptation would bias the perceived orientation of the left stimulus in the counterclockwise direc-
tion, again making it more likely that the participant would judge the stimulus in the right visual field
as more clockwise. These two types of trials were combined in the same ‘adapt right’ bin, since the
n-back inducer would facilitate a ‘right’ response in both cases. Analogously, we collected the trials
for which repulsive adaptation would make participants more likely to report the stimulus in the left
visual field as more clockwise in a ‘adapt left’ bin. The binning procedure was performed separately
for trials in which the n-back inducer and current 2AFC stimuli were presented at the same vertical
location (same location trials) or at a different vertical location (different location trials). In order to
quantify the bias of the n-back inducer on perceived orientation of the 2AFC stimuli, we fitted psy-
chometric functions to each participant’s data, separately for ‘adapt right’ and ‘adapt left’ bins. The
psychometric function is given by ¥(x;a,8,A) = A + (1 — 2X) F(x; «,B), where ¥ describes the pro-
portion of ‘right’ responses and F is a cumulative Gaussian distribution. Parameters o and B deter-
mine the location and slope of the psychometric function and x denotes the orientation difference

Fritsche et al. eLife 2020;9:€55389. DOI: https://doi.org/10.7554/eLife.55389 24 of 32


https://doi.org/10.7554/eLife.55389

eLife

Neuroscience

between right and left 2AFC stimuli on the current trial. Parameter A account for stimulus indepen-
dent lapses and was fixed to 0.01. Importantly, o corresponds to the point of subjective equality
(PSE): the orientation difference between right and left stimulus for which participants perceived the
orientations as equal. We estimated PSEs for ‘adapt right’ and ‘adapt left’ conditions and recorded
the difference as APSE = PSEyas left - PSEbias rights Separately for same-location and different-location
trials. We quantified the overall bias on perception as 0.5 * APSE. This value indicates how much a
2AFC stimulus is biased by a single inducer stimulus. While positive values signal an attraction effect
exerted by the n-back inducer, negative values imply repulsion. This analysis was performed sepa-
rately for the inducer stimuli of the previous 10 trials, reaching back ~100 seconds into the past. To
statistically assess whether previous inducer stimuli biased the current perceptual comparison, we
averaged the bias estimates of the past 10 trials per participant, separately for same-location and
different-location trials and compared these average biases against zero using two-sided one-sample
t-tests (o = 0.05). Furthermore, we compared the average 1- to 10-back bias between same and dif-
ferent location trials using a two-sided paired t-test (o = 0.05). In order, to characterize the decay of
the n-back biases over past trials, we fit exponential functions of the form N(n) = Noe™" to the

same- and different location bias estimates, where n denotes the index of the n-back trial. We con-

In(2)
A

verted the decay constant A into the half-life t,> estimate with the formula 1,/, =
Ideal observer model

We modeled orientation estimates as resulting from a probabilistic encoding-decoding process. In
this process, a physical grating stimulus with orientation ¢ elicits a noisy sensory measurement m

(encoding), which is subsequently used to generate an estimate f(m), representing the observer’s
estimate of the stimulus orientation (decoding). To model history dependencies, we made two
assumptions. First, we assumed that the encoding of the physical stimulus is efficient (Wei and
Stocker, 2015), such that the sensory system is optimally adapted to represent the current stimulus
orientation. In particular, in a stable environment in which current visual input is similar to previous
input, the prior probability over current stimulus orientations is dependent on previously experi-
enced stimuli. This predictability between previous and current stimuli allows the sensory system to
allocate coding resources such that the mutual information between the likely physical stimulus and
its sensory representation is maximized. Second, we assumed that at the decoding stage, similar to
encoding, the observer forms a prediction about the current stimulus based on knowledge about
previous stimuli and combines this prediction with the current sensory measurement in a probabilisti-
cally optimal, that is Bayesian manner (van Bergen and Jehee, 2019). If predictions are well
matched to the temporal regularities in the environment, combining such predictions with current
sensory measurements generally produces more accurate stimulus estimates than those based on
current sensory measurements alone. Using data of the three orientation estimation tasks (Experi-
ments 1 to 3), we quantitatively compared such an ideal observer model with efficient encoding and
Bayesian decoding, to observers that only exhibited efficient encoding or Bayesian decoding.

Efficient encoding

The current efficient coding implementation largely follows the framework put forward by Wei and
Stocker (Wei and Stocker, 2015; Wei and Stocker, 2017). Briefly, we assumed that sensory encod-
ing maximizes the mutual information I[6, m] between the sensory measurement m and the physical
stimulus orientation 6 with regard to the intrinsic uncertainty in the sensory representation. To this
end, the observer leverages its knowledge about the prior probability distribution over current stim-
ulus orientations p(f). By using a tight bound on mutual information, one can link Fisher information
J(6) of the sensory representation to the prior stimulus probability p(d), such that p(f) o /J(8) (for
details see Wei and Stocker, 2015). Fisher information reflects the amount of coding resources that
is dedicated to the representation of a certain stimulus orientation 6. According to the above formu-
lation, coding resources are allocated such that the most likely stimulus orientation is represented
with highest accuracy. In order to specify the encoding model in terms of a likelihood function, we
further assumed that sensory noise, and thus the likelihood function, is homogenous and symmetric
around the physical stimulus orientation in a sensory space with uniform Fisher information defined
by the mapping F(6), where F(f) is the cumulative prior probability distribution over current stimulus
orientations. After defining the likelihood function in sensory space, one can then apply the inverse

Fritsche et al. eLife 2020;9:€55389. DOI: https://doi.org/10.7554/eLife.55389 25 of 32


https://doi.org/10.7554/eLife.55389

eLife

Neuroscience

mapping F~! <é> to obtain the likelihood in stimulus space: p(m|6). This likelihood is typically asym-

metric, with a long tail away from the peak of the prior probability distribution (Figure 6B; for further
intuition about the asymmetry in the likelihood function see Stocker and Simoncelli, 2006).

Crucially, in contrast to Wei and Stocker, 2015, who assumed a fixed prior probability distribu-
tion p(9), here we assumed that the sensory system leverages previous sensory measurements
m‘@*=1) in order to predict the current stimulus %), In particular, predictions are based on an internal
model that approximates the true changes in orientation statistics in natural environments
(van Bergen and Jehee, 2019):

pencoding (9(I)‘ 9<t_l)> = Psame C<0(I)ae<t_l)7 U[d) + (l 7psame) U(07 180)
with

1 1 2
(1) plt=1) —_ - (1 plt=1)
C(@ ,0 , a'ld) 7 exp( 20',%1 angle <(9 .0 ) )

where Z is a normalization constant that was computed numerically. This transition distribution
describes the probability that a stimulus at time t has the orientation 6\, given that the previous
stimulus had the orientation #“~"). The distribution is formed by a mixture of a central Gaussian peak
with standard deviation o, and a uniform distribution. The uniform distribution accounts for cases,
in which orientations change suddenly and unpredictably, occurring with probability (1 — psame)- to
denotes the starting time point of the inference process.

In order to compute a prediction about the current stimulus orientation, p(6)| m"~1), the sensory
system then combines this model of natural orientation changes with its knowledge about the previ-
ous stimulus orientation, based on the previous sensory measurement:

P(O1MD) = | i (09101 p 691 ) a0
where
p<g<z—1>| m<t—1>> :%p(mu—lq 9(:—1))

Here, p(m“*l)\ 0(’*‘)) is the likelihood function of the previous stimulus, and Z is a numerically
computed normalization constant that ensures that [p(0/~"|m(~1) =1. Since statistical regularities
in natural environments do not only exist between immediately consecutive orientation samples, but
over extended timescales, we further assumed that the sensory system does not only base its predic-
tion about the current stimulus ) on the previous measurement, but forms a prediction based on
an exponentially weighted mixture of previous predictions:

P (091 m5) = S (09 )
i=0

with weights

1 :
w; = ZGXP(—(t - l)/Tencoding)
Where 7,coding is the exponential integration time constant that determines the time window over
which the sensory system integrates previous predictions to predict the current stimulus orientation,
t
and Z was a normalization constant, chosen such that >~ w; = 1. Here, the exponential decay function
i=0
is defined over elapsed trials, where t denotes the index of the current trial and i denotes the index
of a previous trial. Thus, 7ucoding denotes the number of elapsed trials after which the contribution of
a stimulus to the encoding prior has decreased to 1/e = 0.37 of its initial value. From this, we
derived a half-life estimate with the formula ¢/, = Tencoding *In(2) and converted this estimate to
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seconds by multiplying with the average trial duration of the respective experiment (average trial
durations: Exp. 1: 5.38 s; Exp. 2: 6.55 s; Exp. 3: 8.25 s).

On a given trial, the sensory system then used the prediction p,.; (60| m®*~Y) to allocate sensory
resources for the efficient encoding of stimulus 1, as described above, resulting in a new sensory
measurement p(m®| 60)).

Bayesian decoding

After obtaining a noisy sensory measurement of the current stimulus, p(m®| %)), the observer seeks
to infer the stimulus orientation, which most likely caused the measurement. Importantly, when
doing so, the observer does not only rely on the current sensory measurement, but makes use of
predictions based on knowledge about previous stimulus orientations (van Bergen and Jehee,
2019). While, in principle, encoding and decoding stages could utilize the same predictions about
the upcoming stimulus (see 'Encoding-decoding model (single prior)’ below), here we allowed
encoding and decoding to be based on separate predictions, involving separate transition models
and integration time constants. For instance, transition models in low-level sensory circuits, encoding
visual information, could be acquired over the organism’s lifetime, whereas higher-level transition
models used for decoding could be context dependent (Fischer et al., 2020) and learned quickly,
within minutes to hours (Braun et al., 2018).

Following van Bergen and Jehee, 2019, predictions at the decoding stage were computed by
convolving the distribution of knowledge about the previous stimulus p(6"| m®*=) with the distri-
bution of changes that can occur between two consecutive measurements, as given by the transition
model Pdecoding (0(7) | 007 : )) :

p (60 mv1) = / Paceoaing (01 0°°) p (60| m~1) a1

Importantly, even though the Bayesian inference process is recursive and consequently the pre-
diction p(0)| m®*=1) theoretically contains information about all sensory measurements since the
starting point of the inference process, it has been previously found that such a model does not ade-
quately capture positive serial dependencies beyond the most recent trial (Kalm and Norris, 2018).
Therefore, when predicting the upcoming stimulus orientation, the current observer does not only
rely on the most recent prediction, but utilizes an exponentially weighted mixture of previous predic-
tions (Kalm and Norris, 2018):

1—1
Prnix (0(1)‘ m(q,:H)) _ ZMP(Q(H)\ m(m:hiﬂ))
i=0

with weights

1 .
w; = EOXP(_(t - l)/Tdecading>
Similar to encoding, the exponential decay function is defined over elapsed trials, where t
denotes the index of the current trial and i denotes the index of a previous trial. Subsequently, the
ideal observer combines this prediction with the current sensory measurement according to Bayes,
resulting in a posterior distribution:

p<9<r>| m(m:r)) x p(m<r)|9<r>> i <9<r>| m<mzr—l>)

We assume that the observer reports the mean of this posterior distribution as their best estimate
of the viewed stimulus orientation. Reporting the mean presents the optimal strategy for minimizing
the expected squared error (Ma, 2019).

It should be noted that in this formulation of the ideal observer, the prior of the current trial con-
sists of a mixture of previous trials’ posteriors, from which previous perceptual decisions were esti-
mated, convolved with a transition distribution. Therefore, the likelihood of the current trial is pulled
towards previous posteriors, more closely reflecting previous decisions, rather than previous likeli-
hoods, reflecting previous stimuli.
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Models

We compared four different models in their ability to capture the temporal pattern of short-term
attraction and long-term repulsion biases in our perceptual estimation experiments. While all of
these models consisted of an encoding and decoding stage, they differed in how the sensory history
influenced encoding and decoding, respectively:

Bayesian decoding model with history-independent encoding

The first model implemented history-dependent Bayesian decoding, without efficient encoding, and
closely resembles a recent ideal observer model, which successfully modeled 1-back attractive serial
dependencies (van Bergen and Jehee, 2019). In contrast to the full model presented above, in this
model the observer encoded physical stimulus orientations as a symmetric, Gaussian likelihood func-
tion centered on the true stimulus orientation:

1 1 2
p(m(’)|9(’)) =7 oxp (— 307 angle (mm,@(’)) )
2

2 is the variance of the sensory noise. Consequently, the encoding of the current stimulus
was independent of previously encoded stimuli. The model had four free parameters: o5, 01, Psame
and 7:decoding~

where o

Efficient encoding model with history-independent decoding

The second model implemented efficient encoding of sensory information (Wei and Stocker,
2015; Wei and Stocker, 2017), without history-dependent Bayesian decoding. Thus, while the likeli-
hood function was influenced by previously experienced stimuli through efficient coding (see section
Efficient encoding), the decoding was based on the sensory measurement alone (analogous to multi-
plying the likelihood with a uniform, i.e. history-independent prior):

p<9<r>‘ m<r>> _ % p<m<r>‘ g(f))

where Z is a numerically computed normalization constant that ensured that [p(6)| m\”) = 1. In this
model, the decoding of the current sensory measurement was thus independent of previously expe-
rienced stimuli. The model had four free parameters: o, 014, Psame aNd Tencoding-

Efficient-encoding-Bayesian-decoding model (single prior)

A third model implemented both efficient encoding and history-dependent Bayesian decoding, and
utilized the same prior probability distribution over current stimulus orientations, py (60| m(#=1),
both for efficient encoding and Bayesian decoding. Consequently, this observer had a single transi-
tion model, pd,_,a,d,-ng(é(’)| 6(’*1)), and integration time constant 7 that determined the time window
over which the observer integrated previous predictions to predict the current stimulus orientation.
The model had four free parameters: oy, 014, psame and 7.

Full efficient-encoding-Bayesian-decoding model

Finally, the full encoding-decoding model implemented efficient encoding and Bayesian decoding,
as described above. In this model, efficient encoding and Bayesian decoding could be based on dis-
tinct predictions, characterized by different transition models and separate integration time
constants T encoding aNd T gecoding, respectively. The model had seven free parameters: o, oy and
Psame Of the encoding transition model, g7y and pyme of the decoding transition model, and 7 cucoding
and T decoding -

Model fits

We fitted all four models to the empirical serial dependence biases of Experiment 1 to 3, respec-
tively. In particular, models were fit to the 1- to 20-back group-average serial dependence curves of
each experiment. In a first step, we performed a grid search over a wide range of parameter combi-
nations and evaluated the sum of squared residuals (SSR) between predicted and observed serial
dependence curves. Subsequently, we used the parameter combination with the lowest SSR as a
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starting point for further numerical minimization of SSRs using MATLAB's Isqcurvefit algorithm. To
ensure plausible parameter estimates we constrained parameters to 0<0,<60, 0/4>0,

0 < Pyame <1, Tencoding™0, T decoaing™>0. Parameters of the encoding and decoding transition models
of the full encoding-decoding model were constrained to the same ranges.

Model evaluation
In order to evaluate the models’ ability to capture the empirically observed serial dependence
biases, we employed a cross-validation procedure. Separately for each experiment, we split the data
of each participant into two halves (odd- versus even-numbered blocks) and computed the group-
average 1- to 20-back serial dependence curves for each half. We then conducted the model fitting
on the first half and testing on the second half. The models’ performance was evaluated based on
the Pearson correlation between the predicted and observed 1- to 20-back serial dependence
curves of the testing dataset. This cross-validation procedure accounts for the increased flexibility of
the full encoding-decoding model, due to its greater number of free parameters.

In order to establish a baseline level of chance prediction accuracy of each model, we employed
a permutation procedure. Specifically, we randomly permuted the models' predicted responses to
the stimuli in the testing dataset, thereby abolishing the trial correspondence between model and
participant errors, and computed the correlation between the resulting permuted model predictions
and observed serial dependence curves. This procedure was repeated 1000 times and p-values were
taken as the proportion of permutation correlations, which exceeded the true correlation between
predicted and observed serial dependence curves.
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