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Significance

 Cognitive biases, often seen as 
uniquely human flaws, may 
instead reflect fundamental 
decision-making strategies 
shared across species. By 
demonstrating that macaque 
monkeys and carrion crows 
exhibit human-like biases in 
numerical estimation—including 
regression to the mean and 
sequential effects—our study 
reveals that these distortions 
arise from deep-rooted cognitive 
mechanisms, not symbolic 
reasoning. These patterns reflect 
a Bayesian estimation process 
that reduces sensory uncertainty 
by integrating prior experience. 
Our results show that combining 
multiple past stimuli best 
explains the cognitive biases 
observed in monkeys and crows. 
Our findings offer crucial insights 
into the evolutionary origins of 
mental shortcuts.
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Cognitive biases, which come from the shortcuts our brains use to make decisions, 
often lead people to misjudge sizes, amounts, or other magnitudes. However, it is still 
unclear how these biases evolved. Nonhuman animals like primates and corvids share 
with humans a nonsymbolic number sense. Whether biases in magnitude estimation 
are evolutionarily widespread in animals remains an open question. We investigated 
numerical estimation in macaque monkeys and carrion crows—two distantly related 
but numerically proficient vertebrates—using a delayed match-to-numerosity task with 
dot arrays. Both species exhibited key biases commonly observed in humans during 
numerical estimation tasks: scalar variability (increasing response variability with numer-
osity), regression to the mean (overestimation of small and underestimation of large 
numerosities), and a sequential effect (estimates biased toward previous trial numer-
osities). Traditionally, these biases have been attributed either to static influences of 
overall task history or to dynamic effects from recent trials. Here, we demonstrate that a 
Bayesian model incorporating dynamic priors based on multiple previously encountered 
numerosities can account for all observed behavioral patterns. Our findings suggest that 
numerical judgments in both species are shaped by uncertainty and the integration of 
recent experience, revealing shared Bayesian-like mechanisms for cognitive biases across 
distantly related animals.

cognitive bias | number | rhesus macaque | carrion crow | evolution

 Judgments made by both humans and animals often deviate from physical reality due to 
cognitive biases, which arise from the brain’s use of mental shortcuts, or heuristics. While 
these shortcuts enhance efficiency, they can lead to predictable distortions in perception, 
memory, and reasoning ( 1   – 3 ). Studying cognitive biases is crucial for understanding the 
limits of rational decision-making and the mechanisms by which the brain simplifies 
complex information ( 4 ). Researching these biases in animals not only reveals how they 
perceive the world but also offers insights into the evolutionary origins and phylogenetic 
roots of decision-making strategies in humans.

 Humans exhibit cognitive biases when judging numbers. For example, both anchoring 
and repulsion effects have been observed, where distant numerical values attract judgments, 
while nearby values tend to repel them ( 5 ). In addition, extreme numerical judgments 
shift closer to the mean of the tested range ( 6 ) and infrequent numbers are encoded with 
greater variability compared to commonly encountered ones ( 7 ). Whether these biases in 
numerical judgment are uniquely tied to humans and their symbolic understanding of 
numbers, or whether they reflect more widespread and evolutionarily inherited features 
of cognition, remains elusive.

 The origins of abstract human numerical abilities lie in an evolutionarily shared, 
intuitive sense of nonsymbolic number found across the animal kingdom ( 8 ). This 
“number sense” is supported by the approximate number system, which represents 
numerosity along a logarithmically compressed mental number line, consistent with 
the Weber–Fechner law ( 9   – 11 ). Many species from diverse phylogenetic backgrounds 
can assess the number of items in a set ( 8 ). Primates and corvid songbirds exhibit sim-
ilarly sophisticated, abstract numerical abilities ( 12 ,  13 ), despite the independent evo-
lution of endbrain structures in mammals and birds since their last common ancestor 
over 320 Mya ( 14 ).

 We hypothesized that monkeys—close nonhuman primate relatives of humans—and 
perhaps even distantly related crows might exhibit cognitive biases in numerical estimation. 
To test this, we assessed macaques and crows using a visual delayed match-to-numerosity 
task, in which they judged absolute sample numerosities relative to both smaller and larger 
deviants. This approach allowed us to derive detailed performance functions for a quan-
titative evaluation of bias effects. We aimed to identify heuristics that are deeply rooted 
in evolutionary history suggesting that they shape human numerical decision-making.D
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 One of the influential perspectives on magnitude estimation, 
the Bayesian perspective, posits that individuals combine uncer-
tain sensory information with prior knowledge to optimize their 
judgments ( 15 ). This integration process can lead to systematic 
biases. The Bayesian framework predicts three key effects that we 
set out to test in our animals: 1. scalar variability, 2. regression to 
the mean, and 3. sequential effects ( Fig. 1 ). Scalar variability refers 
to the proportional increase in the standard deviation (SD) of 
estimates with increasing magnitude, consistent with the Weber–
Fechner law ( 9 ,  12 ,  13 ). Regression to the mean describes a bias 
in which estimates are pulled toward the center of the stimulus 
range, resulting in a compressed perceived range compared to the 
actual tested values. This bias is more pronounced at the extremes 
of the tested range and for larger tested ranges—a phenomenon 
often referred to as the range effect. Finally, sequential effects 
reflect a dynamic bias whereby current estimates are systematically 
shifted toward the magnitude of previous trials, leading to a 
smoothing or carryover effect across trials.         

Results

Numerical Discrimination Performance. We tested the hypothesis 
that magnitude estimation in two phylogenetically distant vertebrate 
species is shaped by Bayesian integration of sensory information and 
prior expectations, leading to systematic biases under uncertainty 
(Fig. 1) (15). We trained two macaque monkeys (Macaca mulatta) 
and two carrion crows (Corvus corone) on a computer-controlled 
numerical discrimination task. This delayed match-to-numerosity 
task required the animals to flexibly judge whether two visual 
numerosities that were temporally separated by a delay were the 
same (Fig. 2A). After trial initiation, a dot pattern with a variable 
number of dots from 1 to 10 (the “sample”) was shown to the 
subject. After a brief delay period, a matching (same numerosity) or 
nonmatching test display (deviant numerosity) was shown each in 
50% of the cases. Within a trial, the subject was required to respond 
only when the test numerosity matched the sample numerosity. To 
prevent subjects from discriminating nonnumerical low-level visual 
features, dot position varied randomly within and between trials 
(standard condition), and control stimuli with equal cumulative 
dot area and density but varying dot size across numerosities were 
shown in half the trials (control conditions; Fig. 2B).

 We collected the behavioral responses from 75 sessions for mon-
key #1 with an average of 530 ± 17 trials per session (mean ± 
SEM), and 57 sessions for monkey #2 with an average of 965 ± 
24 trials per session. For crow #1 and crow #2, we collected data 
from 18 and 17 sessions, respectively, with an average of 555 ± 18 
and 579 ± 29 trials per session. All subjects performed above 
chance in all sessions and for both stimulus conditions [all P﻿-values 

< 0.001; binomial test]. For monkey #1, monkey #2, crow #1, 
and crow #2, the average performance under standard conditions 
was 72.9 ± 0.6%, 78.5 ± 0.4%, 78.6 ± 0.9% and 70.1 ± 0.9%, 
respectively, while under control conditions it was 70.0 ± 0.5%, 
75.2 ± 0.5%, 81.0 ± 1.1% and 74.3 ± 1.2% (mean ± SEM).

 For each session and individual, we analyzed the detailed 
response functions (behavioral representations) per sample numer-
osity 1 to 10 based on the response frequencies to different test 
numerosities.  Fig. 3  illustrates the average response functions for 
both monkeys and both crows on a logarithmic scale. They show 
the expected bell shape with a peak at the corresponding sample 
numerosity (correct response rate in match trials) and monoton-
ically decreasing flanks to both sides (erroneous response rate in 
nonmatch trials) ( 12 ,  13 ). The increase in peak accuracy with 
higher sample numerosities—particularly in monkeys—likely 
reflects both perceptual and methodological factors (Methods ). 
This trend is less pronounced in crows, possibly due to fewer 
training sessions. For further analyses, Gaussian functions were 
fitted to the response functions to quantify their center, width, 
and symmetry. Sample numerosity 1 was excluded from the fur-
ther analysis, as subjects were only required to distinguish it from 
larger numerosities.          

Scalar Variability. To test whether the SD of response functions 
increased linearly with increasing sample numerosities, we assessed 
the width of the Gaussian fits to each of the subjects’ response 
functions. For all four subjects, the width of the fits was positively 
correlated with increasing sample numerosities [r(646) = 0.71 
for monkey #1, r(502) = 0.81 for monkey #2, r(160) = 0.89 
for crow #1, r(149) = 0.82 for crow #2, all P < 0.001]. Fig. 4 
shows the average width of the Gaussian fits per individual across 
sample numerosities. Linear fits all yielded positive slopes with 
mean slopes of 0.32, 0.28, 0.45, and 0.44 for monkey #1 and #2 
and crow #1 and #2, respectively, that were significantly different 
from 0 [t(75) = 25.2, t(56) = 40.2, t(17) = 18.8 and t(16) = 
16.4 respectively, all P < 0.001]. The width of the performance 
functions systematically increased with increasing numerical values 
for all subjects.

Regression to the Mean. To test whether numerosity estimates 
were biased toward the center of the tested numerosity range, 
we quantified the centers of the derived Gaussian fits to the 
performance curves. If the subject was more likely to confuse 
the sample with smaller rather than larger numerosities (i.e., 
underestimated the test numerosity), the center of the Gaussian 
fit would be biased toward smaller numerosities than the sample 
numerosity (Fig.  5A, green curves). Conversely, if the subject 
overestimated the sample numerosity, the center of the Gaussian fit 

Fig. 1.   Behavioral effects of magnitude estimation predicted by a Bayesian framework (15). (A) Scalar variability: The SD of behavioral representations (bell-
shaped response functions) increases linearly with increasing magnitudes. (B) Regression to the mean: The magnitude estimates become biased toward the 
center of the tested magnitude range. (C) Sequential effects: Estimates become dynamically biased toward previously seen magnitudes.D

ow
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.p

na
s.

or
g 

by
 U

N
IV

E
R

SI
T

A
E

T
SB

IB
L

IO
T

H
E

K
 T

U
E

B
IN

G
E

N
 o

n 
N

ov
em

be
r 

4,
 2

02
5 

fr
om

 I
P 

ad
dr

es
s 

13
4.

2.
72

.2
08

.



PNAS  2025  Vol. 122  No. 44 e2512219122� https://doi.org/10.1073/pnas.2512219122 3 of 11

would be shifted toward values larger than the sample numerosity 
(Fig. 5A, blue curves).

  Fig. 5 B –E   shows the performance functions’ mean center values 
indicative of the judged numerical value, averaged across sessions 
per sample numerosity. Small sample numerosities were systemat-
ically overestimated, while large sample numerosities were under-
estimated, resulting in a regression to the mean effect. For all 
individuals, the shifted centers were well described by a linear fit on 
a log–log scale with goodness of fit values r﻿2  = 0.86, 0.93, 0.91, and 
0.87 for monkey #1, monkey #2, crow #1, and crow #2, respectively. 
The slopes of the linear fits were significantly smaller than 1, with 
mean slopes of 0.78, 0.82, 0.80, and 0.77, respectively [t(75) = 
−12.8, t(56) = −16.4, t(17) = −10.5, t(16) = −8.7, all P  < 0.001]. 
Gaussian fits with centers fixed at the sample numerosity were sig-
nificantly better (measured by the goodness of fit r﻿2 ) on a logarith-
mic scale compared to a linear scale for all subjects [Bonferroni 
corrected pairwise comparison, Z = −7.22 for monkey #1, Z = −6.57 
for monkey #2, Z = −3.68 for crow #1, Z = −3.62 for crow #2, all 
﻿P  < 0.001]. Mean goodness of fit values on a logarithmic scale 
further increased significantly when the fixed centers were shifted 
according to a regression to the mean of the tested range with a 
slope of 0.79 (e.g., 3 would be fixed at 3.41 and 8 would be fixed 
at 7.39). For all subjects, this led to a significantly better fit [Z = 
−6.88 for monkey #1, Z = −5.67 for monkey #2, Z = −3.72 for 

crow #1, Z = −3.43 for crow #2, all P  < 0.001]. This indicates that 
performance functions were most symmetric when plotted on a 
logarithmic scale, with centers shifted from the sample numerosity 
toward the center of the tested range. The observed regression to 
the mean provides evidence for the influence of the tested range, 
the complete task and/or training history, on single trial 
outcomes.  

Sequential Effects. To test for a dynamic influence of task 
history on numerosity judgments, we examined the effect of 
the immediate past from one trial to the next. The presence of 
a sequential effect would predict that, if the sample numerosity 
in the previous trial was larger (or smaller) than the sample 
numerosity of the current trial, the animal would respond more 
often to a nonmatch numerosity that was also larger (or smaller) 
than the current sample numerosity. Therefore, we examined 
the proportion of erroneous responses to the nonmatching 
test-display in nonmatch trials as a function of the sample 
numerosity of previous (match and nonmatch) trials (Fig. 6A).

 The trials were split into two groups: In one group (congruent 
group), the sample numerosity of the previous trial and the 
nonmatching test numerosity of the current trial were both 
smaller or larger relative to the sample numerosity of the current 
trial. In the other group (incongruent group), the sample 
numerosity of the previous trial was smaller (or larger) than the 
sample numerosity of the current trial, when the nonmatching 
test numerosity of the current trial was larger (or smaller) than 
the sample numerosity of the current trial. Only nonmatch trials 
of central sample numerosities 3 to 7 were included in the 
analysis of the sequential effect, as these allowed us to test 
directly whether subjects were more likely to judge the sample 
numerosity as smaller or larger than its actual value.  Fig. 6B   
depicts the effect of the previous sample (=match) numerosity 
S/M1  on error rates of the current trial. We found that for all 
subjects, the congruent group had significantly higher error 
rates than the incongruent group [chi-square test for independ-
ence Χ2 (1) = 86.5, n = 7,047 for monkey #1, Χ2 (1) = 86.6, n 
= 10,901 for monkey #2, Χ2 (1) = 43.5, n = 1,844 for crow #1, 
Χ2 (1) = 19.6, n = 1,678 for crow #2, all P  < 0.001]. To control 
for possible interaction effects with the regression to the mean, 
we separately analyzed trials of sample numerosity 5 only—
combined per species to account for lower trial numbers. Again, 
the error rates of the congruent and incongruent group differed 
significantly [Χ2 (1) = 19.4, n = 3,686, P  < 0.001 for monkeys 
and Χ2 (1) = 14.2, n = 723, P  < 0.001 for crows]. Our results 
indicate that monkeys and crows biased their numerical judg-
ments toward the sample (=match) numerosity of the previ-
ous trial.

 We analyzed this effect in more detail and found that the 
sequential effect is characterized by a numerical distance depend-
ency. For all subjects, the average difference in error rates increases 
with numerical distance between the current and previous sample 
numerosity S/M1  [r (415) = 0.31 for monkey #1, r (338) = 0.37 
for monkey #2, r (97) = 0.36 for crow #1, r (95) = 0.49 for crow 
#2, all P  < 0.001]. Linear regressions resulted in all positive slopes 
with mean values of 4.1, 3.3, 4.2, and 6.0 for monkey #1, monkey 
#2, crow #1, and crow #2 as depicted in  Fig. 6 C –F   and signifi-
cantly different from 0 [t(75) = 5.1, P  < 0.001, t(56) = 6.8, P  < 
0.001, t(17) = 2.6, P  = 0.02 and t(16) = 6.7, P  < 0.001 respec-
tively]. We did not find a clear correlation between the sequential 
effect and the elapsed time between the previous and current sample 
onset [r (150) = −0.05, P  = 0.57 for monkey #1, r (112) = −0.12, 

Fig. 2.   DMN task. (A) Behavioral protocol: A trial was initiated when the 
animals oriented toward the displays and fixated (300 ms). Subjects were 
presented with a sample numerosity (500 ms for monkeys, 600 ms for crows) 
that they had to memorize for 1,000 ms during the delay period. They were 
required to respond once the same numerosity was shown again in the test 
period (800 ms for monkeys, 900 ms for crows). In 50% of the trials (match 
trials), the test numerosity corresponded to the sample numerosity. If the 
animals responded to the match, they received a reward. The other 50% of 
the trials were nonmatch trials in which the test numerosity was smaller or 
larger than the sample numerosity. Here, the animals were not allowed to 
respond and had to wait until the matching numerosity was presented after 
the first test period. (B) Nonmatch numerosities ranged up to 32. All stimuli 
were presented as standard and control conditions, in which cumulative area 
and density were equalized.
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﻿P  = 0.20 for monkey #2, r (34) = 0.15, P  = 0.39 for crow #1,  
﻿r (32) = −0.26, P  = 0.14 for crow #2].

 Samples further in the past, of the last to previous trial also 
influenced the numerical judgment. The error rates of the con-
gruent group of the last to previous trial (with respect to its sample 
and match numerosity S/M2 ) are again higher than those of the 
incongruent group with an average difference across individuals 

of 4.7 ± 1.0%, compared to 11.0 ± 1.2% for the previous trial S/
M1 . This sequential effect with respect to the second last sample 
S/M2  reaches significance for three out of four subjects [Χ2 (1) = 
7.3, n = 5,025, P  = 0.007 for monkey #1, Χ2 (1) = 8.0, n = 8,317, 
﻿P  = 0.004 for monkey #2, Χ2 (1) = 9.6, n = 1,388, P  = 0.002 for 
crow #1, Χ2 (1) = 2.4, n = 1,174, P  = 0.121 for crow #2].  Fig. 6 
﻿G –J   shows the average error rate differences between congruent 
and incongruent trials with respect to the sample and match 
numerosities of the past four trials (S/M4  being the sample of the 
4th last trial). A positive correlation between the sequential effect 
and task history is significant for all subjects except for crow #2 
[r (271) = 0.16, P  = 0.009 for monkey #1, r (226) = 0.24, P  < 0.001 
for monkey #2, r (64) = 0.42, P  < 0.001 for crow #1, r (57) = 0.10, 
﻿P  = 0.45 for crow #2]. A linear regression for the significant cor-
relations performed per session resulted in slopes significantly 
different from 0 [t(73) = 2.84, P  = 0.006 for monkey #1, t(56) = 
3.62, P  < 0.001 for monkey #2, t(16) = 5.19, P  < 0.001 for crow 
#1]. The number of trials decreased with greater task history depth, 
increasing measurement uncertainty—especially in crows, where 
fewer trials were recorded overall.  

Bayesian Observer Model. Last, we simulated trial outcomes 
using a Bayesian-like integration of prior information to examine 
how different priors influence the observed biases. The model 
operates on a logarithmically compressed mental number line, 
consistent with the Weber–Fechner law of numerical perception 
across species (9, 16). The observer combines noisy sensory input 
(likelihood) with internal beliefs shaped by prior experience 
(prior) to form a posterior estimate, which drives the behavioral 
response. Regression to the mean is typically modeled by a static 
prior centered within the tested range, while sequential effects arise 
from a dynamic prior anchored to the previous sample numerosity 
(6, 17–21). Therefore, we implemented a fixed model structure 
(Fig. 7A) with priors at different locations influencing the internal 
estimation process to compare their predicted outcomes.

Fig. 3.   Response functions per subject. Performance functions for monkey #1 (A), monkey #2 (B), crow #1 (C), and crow #2 (D). Response functions resembled 
bell-shaped curves with a peak at the sample numerosity (related to correct response rate in match trials) and monotonically decreasing flanks to both sides 
(related to erroneous response rate in nonmatch trials). Depicted are mean ± SEM across sessions.

Fig. 4.   Scalar variability effect. The width of the response functions increased 
linearly with increasing numerical value. A linear regression fitted to the mean 
values resulted in slopes greater than 0 for monkey #1 (A), monkey #2 (B), crow 
#1 (C), and crow #2 (D). Error bars indicate ± SEM across sessions.D
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 A perceptual function  f     transforms the sample numerosity into 
a noisy sensory representation, modeled as a lognormal distribu-
tion with mean  �n    centered on the sample numerosity (likeli-
hood). The prior is also modeled as a lognormal distribution, with 
its mean  �P    varying according to the specific model. The posterior 
is computed by integrating the likelihood and prior via Bayes’ 
rule, resulting in a lognormal distribution. In line with the Weber–
Fechner law, the variances of the likelihood, prior, and posterior 
are assumed constant on a logarithmic scale. The posterior mean 
﻿�post    reflects a weighted shift of the likelihood mean  �n    toward 
the prior mean  �p    with weight w ∈ (0,1). This reflects Bayes-optimal 
weighting, where the prior exerts the greatest influence—on a 
linear scale—at higher numerosities, where sensory input is least 
reliable, and the least influence at lower, more precise numerosi-
ties. The response function  r    transforms the posterior distribution 
back to the linear stimulus scale, producing probabilities of 
responding to specific test numerosities (i.e., judging them as equal 
to the sample). To control for effects of stimulus statistics and 
analysis methods, we simulated single-trial outcomes and com-
pared them to the subjects’ responses.

 To determine which prior best explains each subject’s behavior, 
we fit models with different prior locations separately to each 
monkey and crow. The baseline model (M0), without a prior, and 

models M1–M3 all showed scalar variability, evidenced by a pos-
itive correlation between Gaussian fit widths and sample numer-
osity ( Fig. 7B  ). However, when comparing model-predicted scalar 
variability slopes to behavioral data, models M0–M3 showed 
significantly steeper slopes than observed in monkeys #1 and #2 
[post hoc pairwise comparison, all P  < 0.001]. Model M0 did not 
produce regression to the mean, as indicated by slopes near 1 for 
the centers of Gaussian fits across sample numerosities, nor a 
sequential effect [yellow markers in  Fig. 7 C –E  ; post hoc compar-
isons: regression to the mean for monkeys #1, #2 and crows #1, 
#2 versus M0, P  < 0.001; sequential effect for monkeys #1, #2 
and crow #1 versus M0, P  < 0.01].

 In M1, we implemented a static prior centered at the sample 
range midpoint ( μP = 5.5 ), representing the influence of the entire 
task history on perception. The model’s free parameter  w    was fit 
to replicate the Gaussian centers across sample numerosities, suc-
cessfully capturing the regression to the mean observed in the 
animals ( Fig. 7C  ). Statistically, the implemented regression to the 
mean in M1 also produced a sequential effect with numerical 
distance dependency ( Fig. 7E  ). However, this sequential effect did 
not diminish with task history ( Fig. 7D  ), and the error rate differ-
ence relative to the previous trial was smaller than observed, reach-
ing significance in monkey #2 [post hoc comparison versus M2: 
﻿P  < 0.01].

 A continuous bias toward previous stimuli (sequential effect) 
may accumulate over trials, producing an overall regression to the 
mean. To test this, model M2 incorporated a bias toward the 
perceived sample from the immediately preceding trial.

 Since subjects lacked direct access to the physical magnitude of 
the previous trial’s sample, we implemented a recursive bias toward 
the internal perception of that sample (the previous trial’s poste-
rior), following a similar approach to ref.  18  on number-to-space 
mapping in humans. The weight  w    of the prior of M2 was fit to 
reproduce a sequential effect toward the previous sample S/M1  as 
observed in the animal subjects. Model M2 predicts a sequential 
effect that diminishes with task history and shows numerical dis-
tance dependency ( Fig. 7 D –E  ). However, its predicted regression 
to the mean is smaller than observed in the animals’ behavior [post 
hoc comparisons for monkeys #1, #2, and crow #2 versus M2:  
﻿P  < 0.01].

 A direct influence of past stimuli—unlike the purely recursive 
effect in M2—amplifies their impact on current perception and 
strengthens the regression to the mean. Therefore, in model M3, 
the prior was chosen as a weighted sum of the past eight sample 
numerosities. The free parameter w was fit to replicate the centers 
of Gaussian fits across sample numerosities. We found that biasing 
estimates toward multiple past stimuli fully accounted for both 
the regression to the mean and the sequential effect observed in 
the animals [green markers in  Fig. 7 C –E  ; post hoc comparisons 
versus M3 for monkeys #1, #2, crow #1, and crow #2: all P  = 1.0]. 
 Fig. 7 F –I   show simulated trial outcomes per subject based on 
model M3, illustrating how biases in numerical judgments in 
monkeys and crows can be fully explained by Bayesian integration 
on a logarithmic mental number line that incorporates informa-
tion from multiple past stimuli.   

Discussion

 In our study, we tested numerical discrimination in two phylogenet-
ically distant vertebrate species, macaque monkeys and carrion crows, 
using a delayed match-to-numerosity task. Our findings revealed 
key patterns of numerical processing similar to those observed in 
humans, including scalar variability, a regression to the mean, and a 
sequential effect. Scalar variability was evident, with the width of the 

Fig. 5.   Regression to the mean effect. (A) Example Gaussian fits to 
behavioral data of sample numerosities 3 (blue, overestimated) and 8 (green, 
underestimated) on a logarithmic scale. (B–E) show the average centers of the 
fits per sample numerosity across sessions. A linear regression fitted to the 
mean values resulted in slopes smaller than 1 for monkey #1 (B), monkey #2 
(C), crow #1 (D), and crow #2 (E). SEMs are smaller than 0.05 and lie within 
the marker edges.
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response functions increasing linearly with sample numerosities, 
reflecting greater uncertainty in numerosity judgments at higher 
values. We observed a regression to the mean effect, where both 
species systematically overestimated smaller numerosities and under-
estimated larger ones, suggesting a bias toward the center of the tested 
range. Lastly, sequential effects were observed, in which responses in 
the current trial were influenced by the previous trial’s numerosity. 
These biases reflect both a static influence of the overall tested dis-
tribution and dynamic effects of recent task history—two factors 
that have largely been studied separately. A Bayesian observer model 
that biases current numerical judgments toward multiple previously 
seen numerosities can account for all observed behavioral biases. This 
suggests a shared mechanism whereby the task history shapes numer-
ical judgments in both monkeys and crows. 

Scalar Variability. The finding that the width of the response 
functions in both monkeys and crows increased linearly with 
increasing sample numerosities supports the idea that numerosity 
discrimination in these species follows the Weber–Fechner law. 
As the sample numerosity increases, the variability in the animals’ 
judgments grows proportionally, indicating a scaling effect in 
which larger numerosities are represented with less precision. 
These results are consistent with previous studies in both monkeys 
(12) and crows (13), further confirming that the Weber–Fechner 
law applies to numerical cognition across species.

 Research on numerical cognition revealed that humans, too, pos-
sess an approximate number system independent of counting, that 
is characterized by scalar variability ( 12 ,  22 ,  23 ). The approximate 
number system supports basic arithmetic operations in both animals 
and preverbal infants ( 24 ). Scalar variability is also a key feature of 
other magnitude estimations, such as interval timing or speed dis-
crimination ( 25 ,  26 ). This suggests that scalar variability is a general 
property of magnitude estimation, which humans share with numer-
ically competent animals. In an optimal Bayesian integration mech-
anism, the higher precision of small numerosities implies that sensory 
information is more reliable. As a result, there is less reliance on prior 
expectations, and sensory evidence dominates the judgment. In con-
trast, the influence of the prior increases for larger numerosities, as 
it helps guide the decision-making process in the face of greater 
uncertainty ( 6 ,  27 ). This combination of sensory information and 
prior expectations enables more accurate judgments.  

Regression to the Mean. The regression to the mean effect 
observed in both monkeys and crows indicates a systematic 
bias in numerical estimation, where sample numerosities are 
perceived as closer to the center of the tested range. Specifically, 
small numerosities were overestimated, while large numerosities 
were underestimated, resulting in a compression of the perceived 
numerical range. This effect, evident as a shift in response function 
centers toward the mean of the tested range, was consistent across 

Fig. 6.   Sequential effect. (A) Error rates were evaluated depending on whether the sample (=match) numerosity of the previous trial (S/M1), 2nd previous trial 
(S/M2), 3rd (S/M3), and 4th previous trial (S/M4) were congruent/incongruent to the nonmatching test numerosity in the current trial with respect to the current 
sample. (B) Subjects were more likely to respond erroneously to a smaller (larger) nonmatching test numerosity if the previous sample was smaller (larger) as 
well. ***P < 0.001. (C–F) Show the difference in error rates (Δ with respect to S/M1) depending on the numerical distance between the current and previous 
sample numerosity. The error rate increased progressively with increasing numerical distance. A linear regression fitted to the mean values results in positive 
slopes for monkey #1 (C), monkey #2 (D), crow #1 (E), and for crow #2 (F). (G–J) show the sequential effect extending further into the task history. Error rate 
differences are depicted with respect to the sample and match numerosities of the past four trials. Again, a linear regression resulted in positive slopes for 
monkey #1 (G), monkey #2 (H), crow #1 (I), and crow #2 (J).
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both species and suggests that numerical judgments are influenced 
by the broader context of the numerical range.

 Research on magnitude estimation consistently shows regression 
to the mean effects in humans ( 28     – 31 ). The phenomenon has been 
observed in various contexts, including numerical and time judg-
ments, path integration, alphabetic interval estimation, and general 
probability judgments ( 17 ,  29 ,  31 ,  32 ). Interestingly, the regression 
effect is not limited to adults but is also observed in children’s area 
judgments, where the number sense biases their estimations ( 33 ).

 Explanations for this bias include Bayesian models that incorporate 
prior experience in the form of a static prior at the center of the tested 
range into current estimates ( 6 ,  17 ,  19 ,  31 ,  32 ). Our model demon-
strates that regression to the mean could also emerge from a dynamic 
prior, but only integrating multiple previously seen stimuli can fully 
explain the strength of the effect observed across all subjects.  

Sequential Effect. In our study, we observed a clear sequential 
effect in both monkeys and crows, where numerical judgments 
were systematically biased toward the sample numerosity of the 
preceding trial. It depended on the numerical distance between 
the current and previous sample and extended to samples that lay 
further in the past, but with diminishing influence. These findings 
support the idea of an online, trial-by-trial updating process.

 Sequential effects in number discrimination tasks have been 
observed in humans. They occur in symbolic number comparison 
tasks, with faster responses when the same number is repeated, 
independent of the numerical distance effect ( 34 ).  S equential pro-
cessing is a common mechanism in attention orienting and num-
ber processing systems, potentially governed by universal 
mechanisms across perception and cognition ( 35 ).

 The sequential effect we found is consistent with Bayesian 
models of cognitive processing, where each trial serves as a new 
piece of evidence that refines the animal’s prior expectations 
( 18 ,  36 ,  37 ). The observed pattern of a diminished effect over 
longer task histories suggests that the animals are continuously 
adjusting their internal numerical representations in response 
to recent experiences. This dynamic updating process might be 
an adaptive and efficient strategy for maintaining a stable per-
ception of numerosity in the face of inherent sensory noise 
( 37 ,  38 ).

 Our dataset contains substantially more sessions from monkeys 
than crows, limiting direct statistical comparisons—especially for 
sequential effects over multiple trials due to smaller crow sample 
size. Nevertheless, the crow data are robust enough to confirm 
that key biases—scalar variability, regression to the mean, and 
sequential effects—are consistently present in both species.  

Fig. 7.   Biases emerging from a Bayesian model with different priors. (A) The basic model structure involves an estimation process on a logarithmic mental 
number line. A noisy sensory input (likelihood) becomes integrated with prior information according to Bayes’ rule to reduce the variability of the estimation 
process. Responses are simulated for four different priors M0, M1, M2, and M3 per individual. (B–E) Illustrate the biases predicted by each model in the form 
of the slopes of a linear regression fitted to the mean values across all trial outcomes predicted by M0-M3 per individual. Plotted are mean ± 95% CI across 
individuals. The black line and gray area show the mean ± 95% CI of the subjects’ (monkeys and crows) behavioral data. (F–I) show the biases resulting from M3 
per subject resembling scalar variability (F), regression to the mean (G) and sequential effects (H and I) as observed in the behavioral data.
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Interaction of Effects. The three effects we identified have largely 
been studied separately, and little is known about how they relate 
to one another. The modeling of different priors shows that scalar 
variability alone, fails to produce a regression to the mean or a 
sequential effect. A regression to the mean and a sequential effect 
coemerge due to inherent statistical dependencies and are hard 
to disentangle. However, the fact that both effects systematically 
influenced numerical judgments across all numerosities—
including those at the center of the tested range—suggests they 
may have distinct underlying origins. The modeling results of a 
prior located at the center of the tested range or at the previous 
sample numerosity show that one effect can not fully account 
for the other. This independence of both effects—as well as the 
statistical dependencies—has also been described for color and 
line length judgments in humans (39). When studying one 
phenomenon in magnitude estimation tasks, the other must 
likewise be accounted for in the analysis.

 Alternatively, a combination of a static central prior (as in M1) 
and a dynamic prior (as in M2) may also explain the observed 
behavior. Analyses of recurrent spiking neural networks trained 
on temporal interval discrimination have shown that neuronal 
firing rates encode information about both the most recent and 
penultimate stimuli during the current trial ( 40 ). The resulting 
population activity represents a Bayesian estimate of interval dura-
tion shaped by the task history. Future behavioral studies could 
test whether magnitude judgments rely on combined static and 
short-term dynamic priors or on a dynamic prior spanning longer 
task histories.  

Evolutionary Roots of Cognitive Biases. Our findings in 
nonhuman primates and corvids shed light on the evolutionary 
origins of cognitive biases, challenging the idea that these biases 
are exclusive to primates or humans. While our results suggest 
that cognitive biases in magnitude estimation are evolutionarily 
conserved across species, the origin of these similarities—whether 
from shared ancestry or convergent evolution—remains unclear. 
One hypothesis proposes that birds and primates inherited 
these biases from a common ancestor over 320 Mya (14, 41), 
indicating that such cognitive biases may be a shared trait among 
all amniotes. Alternatively, convergent evolution may explain the 
independent emergence of cognitive biases in birds and mammals, 
as both groups evolved sophisticated cognitive abilities via distinct 
evolutionary paths (42, 43). This convergence suggests that 
cognitive biases may also exist in other highly intelligent, distantly 
related animals. Demonstrating similar biases in fish—an early-
diverging vertebrate lineage predating the bird-mammal split—
would strongly support the idea that magnitude-related biases 
originated in a common vertebrate ancestor. However, detailed 
behavioral data, including full performance functions or evidence 
of numerical biases, are currently lacking for fish and other early-
diverging vertebrates. Further controlled studies are needed to 
clarify the phylogenetic origins of these cognitive biases and their 
role in the evolution of cognition across species.

 Neurobiological evidence suggests that similar numerical biases 
in distantly related species like primates and corvids may result from 
convergent evolution. Numerical cognition involves distinct pallial 
regions that evolved independently: the intraparietal and prefrontal 
cortices in macaques ( 12 ) and the nidopallium caudolaterale in 
crows ( 44 ). This anatomical divergence supports the idea that similar 
computational demands drove the independent emergence of anal-
ogous cognitive strategies. Thus, convergence remains a plausible 
explanation, highlighting the adaptive value of Bayesian-like infer-
ence in numerical cognition across vertebrates.

 Research on cognitive biases in time estimation in macaques 
reveals striking parallels to humans, both exhibiting scalar varia-
bility and regression to the mean ( 19 ,  32 ). In magnitude estima-
tion tasks involving time intervals, spatial distances, and 
vibrotactile frequencies, neurons in parietal and frontal cortices 
encode Bayesian estimates biased toward the center of the tested 
range ( 19   – 21 ,  45 ,  46 ). However, macaques struggle to integrate 
reward magnitude and prior reward likelihood in categorical deci-
sions, tending to overadjust for reward magnitude but not for 
reward likelihood ( 47 ). This indicates that, although macaques 
share certain cognitive biases with humans in magnitude estima-
tion, species-specific differences exist in how this information is 
processed and utilized.

 Given that both species exhibit cognitive biases in numerical 
estimation, it is plausible that number neurons in the intraparietal 
sulcus and prefrontal cortex of monkeys, and in the nidopallium 
caudolaterale of crows, encode biased numerosity estimates. A key 
future direction is to investigate the neuronal correlates of these 
biases along processing pathways in both species.   

Methods

Animals. We trained and acquired data from two male macaque monkeys (M. 
mulatta), age 9 and 12 y, and two male carrion crows (C. corone), age 6 and 11 
y, from the institute’s facility. Both monkeys were on a controlled water protocol 
and were trained to perform the behavioral task to receive fluid rewards. Crows 
were kept on a controlled feeding protocol during the experiments and earned 
food (birdseed pellets and mealworms) as a reward during training. For monkeys, 
dry food was always provided ad libitum, while for crows, water was provided 
ad libitum. If necessary, water or food was supplemented after the daily sessions.

All individuals were experienced with cognitive tasks from previous studies, 
for which monkeys had been implanted with titanium head posts allowing for 
head fixation and crows had been implanted with a small holder for attaching the 
reflector to enable head tracking (for details, see refs. 13 and 48). All procedures 
involving the animals were in alignment with German and European law. They 
have been evaluated by an independent ethics committee and were approved 
by the national animal experimentation authority, the Regierungspräsidium 
Tübingen.

Experimental Apparatus. During daily training and experimental sessions 
lasting 1 to 3 h, monkeys were head-restrained and seated in primate chairs 
within darkened chambers. They viewed stimuli on a 15-inch monitor with a 
75 Hz refresh rate placed 57 cm in front of them. Eye movements were tracked 
continuously and sampled within trials using an infrared eye camera (ISCAN, 
Woburn, MA). Responses were registered using a custom-fitted touch-responsive 
bar in the primate chairs. Crows sat on a wooden perch placed inside a darkened 
chamber in front of a 15-inch touchscreen on which the stimuli were presented 
(3 M Microtouch; 60 Hz refresh rate). The crows’ head position was tracked in 3D 
via a reflector foil mounted onto the crows’ head by a two-camera system (FLIR 
CM3-U3-13Y3M) to ensure a central head position in front of the monitor at a 
viewing distance of ~14 cm. The presentation of stimuli, behavioral monitoring, 
and reward administering for both species were automated using the CORTEX 
program (National Institute of Mental Health).

Task Design. All subjects performed a delayed match-to-numerosity (DMN) task 
in which they had to memorize a sample numerosity and match it to the same 
numerosity displayed later to gain reward (Fig. 1A). The go-stimulus indicated 
that the subject may initiate a trial by fixating on the screen. After trial initiation 
no further fixation stimulus was displayed for the crows. For monkeys a fixation 
stimulus (a small white square) in the center of the screen was presented through-
out the whole trial. Additionally, monkeys had to grab and hold the response 
bar. After a brief waiting time (300 ms), a sample stimulus displaying a specific 
number of black dot items (sample numerosity) on a gray background circle was 
presented for 500 ms (monkeys) or 600 ms (crows). The subjects were required 
to accurately assess the number of displayed items and memorize it during the 
following delay period (1,000 ms). In the subsequent test period, the subjects had 
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to respond only when a dot display with the same numerosity was shown. In 50% 
of the randomized trials, the test stimulus displayed the matching numerosity, 
prompting the subjects to respond (match trials). In the other 50% of the trials 
(nonmatch trials), the test stimulus showed a nonmatching numerosity. In this 
case, the subjects had to refrain from responding and wait 800 ms (monkeys) or 
900 ms (crows) until the matching stimulus appeared, which was presented for 
the same duration. To respond, monkeys released a response bar, while crows 
moved their head or pecked on the screen. The chance level of correct responses 
was 50%. After 80 correct answers the subjects had to perform a second task 
independent from the DMN task analyzed here, in which subjects were rewarded 
for maintaining fixation only.

Instruction Stimuli. Sample stimuli for the numerosity range 1 to 10 were used. 
Sample numerosity 1 was tested against larger test stimuli with numerosity 2 
and 3 only. Sample numerosities 2 to 9 were each tested against two smaller and 
two larger nonmatching test numerosities ranging from 1 to 32. Ratios (sample 
versus test) were fixed equally spaced on a logarithmic scale at 0.316, 0.56, 
1.77, and 3.16, and rounded integer test stimuli were chosen accordingly. As 
a result, most sample numerosities were also presented as nonmatching test 
numerosities, albeit with varying frequencies of appearance. The cut-off of higher 
sample numerosities led to an unavoidable overrepresentation of nonmatch tri-
als involving smaller numerosities (e.g., 2 and 3), which may result in greater 
familiarity and thus enhanced responses (also if wrong) at the low end of the 
numerosity scale. Because only integer numerosities are used, the actual ratios 
between match and nonmatch values are not really evenly distributed across the 
numerosity range. This may result in greater perceptual distances between stimuli 
at higher numerosities, potentially enhancing discriminability and improving 
performance (as visible for the monkeys in Fig.  3). Varying numbers of black 
dots were pseudorandomly placed within a gray background circle. Two types 
of conditions were implemented per species to control for covarying continuous 
features. In the standard condition for the monkeys, dot size varied pseudoran-
domly and for the crows it was held constant. In the control condition of both 
species, density and the cumulative total area occupied by all black dots were 
kept constant while dot sizes varied. Example Stimuli are shown in Fig. 1B. Each 
trial consisted of within-condition images, and trials were arranged in a pseu-
dorandom order unknown to the experimenter. Error trials were repeated with a 
pseudorandom delay automized via CORTEX to prevent animals from avoiding 
hard trials. To prevent animals from memorizing individual stimuli, stimuli with 
randomly varying dot positions were newly generated before each session using 
prewritten MATLAB functions.

Data Analysis. Data analyses and simulations were carried out using MATLAB 
(Version R2023a, MathWorks Inc). Gaussian fits and linear regressions were done 
by minimizing the square of the residuals implemented by the Curve-fitting 
Toolbox. All values were calculated per session and reported are mean ± SEM 
across sessions per individual—unless stated otherwise. For all effects, we first 
tested for the existence of a correlation, by calculating Pearson correlations per 
individual. To quantify correlations, linear regressions were fitted per session and 
the resulting slopes tested against 0 (or 1 to test for the regression to the mean).
Scalar variability and regression to the mean. To construct response functions, 
the relative response frequency for different test numerosities was calculated per 
sample numerosity and session. We fitted Gaussian curves with free parameters 
amplitude, mean and variance to the response functions for sample numerosities 
2-10. Fitting continuous functions, such as Gaussian curves, to discrete behavioral 
data has been a well-established method in numerical cognition research (9, 
49–51), as it allows detailed characterization of response distributions across the 
entire response profile. The width was measured as the half-width of Gaussian 
fits on a logarithmic scale. To exclude unreasonable fits, only those fits with an 
r2 value above 0.6 were included in the analysis. This amounted to >95% of 
response curves being included per individual. 648 (monkey #1), 504 (monkey 
#2), 162 (crow #1), and 151 (crow #2) fits were included (Figs. 4 and 5). To further 
validate the scalar variability and regression to the mean effect, we compared how 
well response functions on different scales with different means were described 
by Gaussian curves. This can be taken as a measure of symmetry of the subjects’ 
response distributions. For each session, response functions were plotted on a 
linear or logarithmic scale. Gaussian curves with free parameters amplitude and 
variance were fitted to these. The center was either fixed at the sample numer-
osity n or for the logarithmic scale at log(n) or at the shifted sample numerosity 

log(5.5) − 0.79 ⋅ (log(5.5) − log(n)) according to a regression to the mean with 
slope 0.79. The mean goodness-of-fit (r2) values were compared per individual.
Sequential effect. To test for sequential effects, single trial outcomes of 
all sessions were analyzed per individual. Only nonmatch trials of central 
sample numerosities 3-7 were included. To control which numerosity the 
subjects saw previously, only trials for which the corresponding previous 
trial was done correctly were included. Therefore, the sample numerosity 
of the respective past trial was always shown twice as sample and match. 
7047 (monkey #1), 10901 (monkey #2), 1844 (crow #1), and 1678 (crow #2) 
trials were included to test for the effect of the previous sample (=match) 
numerosity S/M1 (Fig. 6B). To further characterize the sequential effect, trials 
were split into two groups. The congruent group inhabited all trials for which 
the previous sample numerosity and the current test numerosity were both 
smaller or both larger than the current sample numerosity. The incongruent 
group consisted of all trials for which the previous sample numerosity and 
current test numerosity were opposing one another (one smaller, one larger) 
with respect to the current sample numerosity. To further characterize the 
effect, the change of the difference in error rates (congruent group – incon-
gruent group) with respect to the sample numerosity of the previous trial S/
M1 was evaluated depending on the numerical distance or time between 
trials. Nonmatch trials of all sample numerosities were grouped according to 
the absolute numerical distance between the current and previous sample. 
Datapoints consisting of less than 10 trials were excluded, leading to fewer 
datapoints for higher numerical distances (Fig. 6 C–F) amounting to 76, 76, 
76, 74, 70, 45 included datapoints for monkey #1, 57, 57, 57, 57, 57, 55 
for monkey #2, 18, 18, 18, 17, 17, 11 for crow #1 and 17, 17, 17, 17, 16, 
13 included datapoints for crow #2, reported per numerical distance 1-6, 
respectively. To test for a correlation between the sequential effect and the 
time passed between the current and previous sample onset, trials were 
grouped into 50% of shortest intervals (median = 5.4 s, 5.4 s, 4.8 s, 5.0 s 
for monkey #1, monkey #2, crow #1, crow #2 respectively) and 50% of the 
longest intervals (median = 6.2 s, 7.0 s, 7.0 s, 7.1 s for monkey #1, monkey 
#2, crow #1, crow #2 respectively). To test for a sequential effect of the ith 
(second to fourth) previous trial, only those trials for which the ith previous 
until previous trial were all done correctly, were included to ensure subjects 
perceived the respective sample numerosities (Fig. 6 G–J). This led to less 
included trials the further back we moved in task history. Again, datapoints 
consisting of less than 10 trials were excluded, leading to 76 (S/M1), 74 (S/
M2), 70 (S/M3), and 53 (S/M4) included datapoints for monkey #1, 57, 57, 
57, 57 for monkey #2, 18, 17, 17, 14 for crow #1 and 17, 17, 14, 11 for crow 
#2, respectively. Statistics were done across sessions.

Bayesian Observer Model. The basic model structure consists of a perceptual 
function f  , that transforms a sample numerosity xn into a conditional probability 
distribution p

(
xm|xn

)
 describing the probability of different numerical meas-

urements xm for the specific sample numerosity xn (likelihood). It is modeled as 
a normal distribution on a logarithmic scale with its mean located at the corre-
sponding sample numerosity �n= xn . The prior p

(
xn
)
 is again modeled as a nor-

mal distribution on a logarithmic scale with its mean �P varying depending on the 
model. Justified by the Weber–Fechner law, we assumed that the likelihood and 
the prior both have constant variance on a logarithmic scale across numerosities. 
The posterior p(xn|xm)—the probability of different sample numerosities xn given a 
measurement xm–is formed by integrating the likelihood and the prior via Bayes’ 
rule p(xn|xm) = p

(
xm|xn

)
⋅ p
(
xn
)
 , again resulting in a lognormal distribution. 

Its mean �post is described by a shift of the mean of the likelihood �n toward the 
mean of the prior �p:

�post = (1−w) ⋅ �n + w ⋅ �p,

with constant w ∈ (0, 1) . We implemented four different versions of the prior. 
Eqs. [1] refers to model #0 [M0], [2] to model #1 [M1], [3] to model #2 [M2],  
and [4] to model #3 [M3]:

�p = �n → �post = �n,

�p = 5.5,

�p = �
−1
post

,

[1]

[2]

[3]D
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�p=0.41 ⋅�−1
n
+0.16 ⋅�−2

n
+0.15 ⋅�−3

n
+0.09 ⋅�−4

n
+0.08 ⋅�−5

n

+0.13 ⋅�−6
n
+0.11 ⋅�−7

n
+ −0.12 ⋅�−8

n
,

whereby �−i denotes the respective mean of the likelihood or posterior of the 
i-th last trial. As an approximation of the coefficients of the sample numerosities 
of the eight previous trials in �p of M3, a calculation of the sequential effect on 
the combined data of all subjects was used. Measurement uncertainty increases 
with greater task history depth due to fewer available data points. Fixing these 
parameters before individual fitting ensures comparability across models, as 
each retains a single free parameter. This approach enables a clearer conceptual 
comparison between prior types, even if individual fitting might capture behav-
ior more precisely. Instead of an estimator function that projects the posterior 
onto a single value, the response function r  discretizes the continuous posterior 

distribution ln(X) ∼ N
(
�post, �

2
post

)
 , where the probability of responding to a 

test numerosity t  is given by

P(t) = ∫
ln(t+0.5)

ln(t−0.5)

N
(
ln(x);�post, �

2
post

)
dx.

It is normalized such that the probability of responding to a test numerosity 
equals 1 when test = prior = sample. Based on this probability distribution—
which depends on sample, test, and previous sample numerosities—Boolean trial 
outcomes were simulated using MATLAB’s pseudorandom number generator.

Models were fit per subject to minimize the summed squared residual error 
to the behavioral data of the relevant measure for the chosen effect. First �2

post
  

of M0 was fit to the observed scalar variability (width of Gaussian fits of sample 
numerosities 2 to 10). The argmin of 10 consecutive simulations was chosen 
as the width of the posterior distribution: �2

post
= 0.2, 0.18, 0.18, 0.19  for 

monkey #1, monkey #2, crow #1, and crow #2, respectively. It was kept fixed for 
M1-M3 to ensure comparability between models within a subject. For M1 as 

well as M3, the weight w ∈ (0, 1)  was chosen to minimize the summed squared 
residual error of the centers of Gaussian fits of sample numerosities 2 to 10. The 
argmin of 10 consecutive simulations resulted in w = 0.23, 0.23, 0.23, 0.24  for 
M1 and w = 0.2, 0.2, 0.23, 0.24  for M3, respectively per subject. For M2, the 
weight w ∈ (0, 1)  was chosen to minimize the summed squared residual error 
of the sequential effect with respect to S/M1. The argmin of 10 consecutive sim-
ulations resulted in w = 0.1, 0.12, 0.1, 0.12  for monkey #1, monkey #2, crow #1, 
and crow #2, respectively. Assuming an optimal estimation process, the width of 
the likelihood and prior can be derived from w  and �2

post
  (31, 52).

To control for effects due to stimulus statistics or analysis methods, we sim-
ulated single trial outcomes of all trials for each subject according to models 
M0, M1, M2, and M3, calculated the biases as described above per session 
and tested whether the predicted slope of the scalar variability, regression to 
the mean and the difference in error rate with respect to S/M1 differed. Per 
animal and effect a Friedman test for paired data and Bonferroni corrected 
post hoc pairwise comparisons between 5 groups—M0, M1, M2, M3, and the 
behavioral data—were performed. We report all significant results (P < 0.01) 
of post hoc pairwise comparisons between the simulated data and observed 
data, as well as all results comparing M3 to the behavioral data for the regres-
sion to the mean and the sequential effect. The task history and numerical 
distance dependency of the sequential effect were not calculated per session 
due to limited data and were only evaluated as fit to the data combined across 
sessions (Fig. 7 B–E).

Data, Materials, and Software Availability. All study data are included in 
the main text.
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