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Supporting Information Text
Participants

Participants were recruited online using Amazon Mechanical Turk (AMT). The experiments were approved by the Committee
for Protection of Human Subjects (CPHS) at the University of California, Berkeley and by Princeton University’s Institutional
Review Board (IRB) for Human Subjects under protocol #10859 (Computational Cognitive Science). We obtained informed
consent from all volunteers. Participants took part in the experiment anonymously, and no demographic information was
collected (see (1) for information about AMT workers). For the serial reproduction experiments, compensation was between $1.4
and $1.6, depending on the participant’s performance. Typical participation included 105 trials, and the average time needed
to complete the task was about 12-14 minutes. Participants could take part only once per experiment; however, they could take
part in more than one experiment. A typical experiment included about 100 participants. For the discrimination experiment,
compensation was between $0.75 and $1.0, and typically included 160 trials. For the patch rating tasks, participants received
$1.5 for participating, and completed 136 trials. Participants could take part in as many discrimination and patch rating
experiments as they wished. Fig. S23 presents the exact number of participants in each experiment. The overall number
of participants in all experiments was 9202. We only recruited participants who had 95% or more of their completed HITs
approved.

Stimuli

Stimuli for all 85 experiments are available in an open science database (link: https://osf.io/cza25/), and Fig. S23 presents
a summary of all stimuli used. We used a range of images that included objects, natural scenes, indoor scenes, reachable
scenes (2), man-made and natural objects, and faces. We selected images from databases that also contained human semantic
segmentations and eye-tracking fixations (3) and in some cases, eye-tracking fixations on a variety of perceptual tasks (3, 4).

Experiments 1-4 (Fig. 1): Serial reproduction experiments with shaded shapes. We used an image of a uniform gray circle,
triangle, square, and pentagon, as previous work explored biases using simple geometric shapes (e.g (5)).

Experiments 5-11 (Fig. 1): Serial reproduction experiments using natural images. All the natural images we used were obtained
from the PASCAL-S dataset, a subset of the PASCAL VOC 2010 segmentation challenge dataset (3, 6-10). We selected this
database as it provided annotations of segmented regions in the images as well as free-fixation eye movement data. We used
grayscale versions of these images so that the red point used in the experiments would be clearly visible. We used seven images
depicting an airplane, a boat in a harbor, a bird on a branch, a horse, a room, a human face, and a lighthouse.

Experiments 12-16 (Fig. S15): Serial reproduction experiments using semantic segmentations of natural images. The PASCAL-
S dataset contains human-generated segmentation maps (11). The segmented regions were rendered to an image with the same
dimensions as the original images, with each segmented region shown in a unique shade of gray. We used segmented images
that corresponded to the natural grayscale images used in experiments 5-11, although they were not available for the face and
lighthouse images.

Experiments 17-27 (Fig. 3, Fig. S7): Visual discrimination experiments. We used the same shape and natural images used in
experiments 1-11.

Experiments 28-29 (Fig. S17): Serial reproduction experiments using images with illusory corners. We used the image of the
shaded square manipulated with a smooth gradient such that the upper right corner vanished into uniform white. We also used
the image of the human face modified such that a gradient erased the right side of the image.

Experiments 30-32 (Fig. S9A-B): Serial reproduction experiments: precision manipulations. We used the airplane image used
in Experiments 5-11, as well as two versions of the image with reduced contrast and added Gaussian noise.

Experiments 33-34 (Fig. S9C-D): Serial reproduction experiments: payoff and Markovian assumption manipulations. We used
the plane image used in Experiments 5-11.

Experiments 35 (Fig. S9B): Serial reproduction experiments: delay manipulation. We used the plane image used in Experiments
5-11.

Experiments 36 (Fig. S20): Serial reproduction experiments (within-subject design). We used the pentagon shape image used
in Experiments 1-4.

Experiments 37 (Fig. S21): Serial reproduction experiments (within-subject design). We used the plane image used in Experi-
ments 5-11.

Experiments 38-45 (Fig. S18, Fig. S19): Serial reproduction experiments: comparisons to fixation maps. We used a subset of
8 images from the database of images used by (4), for which eye-movement fixation maps were available for a free-viewing task,
a cued object search task, and a saliency search task.
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Experiments 46-61 (Fig. S19): “Graspability” and “meaning” map experiments. We used the same images used in Experiments
38-45.

Experiments 62-68 (Fig. S10): Forward and backward noise masking experiments, blank encoding, and blank reproduction
manipulations. We used the lighthouse image from Experiments 5-11, as well as a blank grayscale rectangular image with the
same aspect ratio as the lighthouse image.

Experiments 69-72 (Fig. S16): Center of mass (COM) model comparison. We used two grayscale versions of landscape images
used in prior work studying spatial memory biases (12-14), as well as grayscale versions of the two images containing only
uniform segmented regions corresponding to distinct RGB profiles rather than the original image textures.

Experiments 73 (Fig. S11): Serial reproduction experiments: Temporal encoding manipulation with complex shape images.
We used a 19 -sided regular shaded polygon (a uniform gray region with the same inner gray values as the shapes used in
experiments 1-4).

Experiments 74-85 (Fig. S11): Serial reproduction experiments: Spatial complexity manipulation with complex regular poly-
gon images. We generated shaded regular polygons with 3, 4, 5, 7, 9, 11, 15, 19, 21, and 25 edges, as well as a shaded circle
such that all spanned the same area and were the same uniform gray as the stimuli used in experiments 1-4.

Procedure

Experiments 1-16, 28-45, and 62-85 were programmed using the Dallinger platform for laboratory automation for the behavioral
and social sciences (15). The discrimination and patch ratings experiments were programmed as Amazon Mechanical Turk
experiments using JavaScript.

Experiments 1-4 (Fig. 1): Serial reproduction experiment with shaded shapes. Participants were presented with an image of a
gray shape with a red point initialized somewhere on the image (both inside and outside the shape boundaries) for 1000 ms.
The initial locations were sampled from a uniform distribution over the image. Participants were instructed to reproduce the
exact location of the point relative to the image. Overall positions of the displays, including the point and image, were shifted
by a random horizontal and vertical offset between 0 and 80 pixels on the screen canvas so that participants could not track
the absolute positions of the points. The canvas dimensions were 590 by 590 pixels. The response was then sent to another
participant who performed the same task. A total of twenty iterations were completed for each chain. We terminated each
experiment after approximately 12 hours. As a result, the number of total chains varied between experiments (250-577 chains
see Fig. S23). Most results were obtained by aggregating the results of two separate experiments containing about 250 chains
each. Typical participation included 105 trials, and the average time needed to complete the task was about 12-14 minutes. A
typical experiment included about 100 participants. Fig. S23 presents the number of participants in each experiment. For the
serial reproduction experiments, compensation was between $1.4 and $1.6, depending on performance. Participants could take
part only once per experiment; however, they could take part in more than one experiment. We only retained the chains that
were full, and discarded any chains that did not reach twenty iterations.

Experimental trials. Following ten practice trials, there were 95 experimental trials. Only a given shape or image was presented
throughout an experiment in both the practice and experimental trials. For each of the 95 experimental trials, the presentation
time was 1000 ms. Participants were given trial-by-trial feedback regarding their accuracy. If their responses were within a box
around the presented (“objective”) location to be remembered that was 8% percent of the width and height subtended by the
shape, they received a small monetary bonus and positive feedback (a message in green: “This was accurate”). If not, they
received no additional bonus and were presented with negative feedback (a message in red: “this was not accurate”). Incorrect
trials were discarded from the experiment, and the corresponding node in the transmission chain was randomly reassigned
to another participant; this was done to eliminate the possibility of false responses by bots (16) and discourage inattentive
participants. Participants could take part only once within each chain (see Fig. S1).

Practice trials. Practice trials were identical to the experimental trials, except that the margin of error was reduced to a box that
was 5% of the width and height subtended by the shape image, and the presentation time was 4000 ms. In these trials, the
point location was randomized uniformly within the image.

Experiments 5-16 (Fig. 1, Fig. S17, and Fig. S15): Serial reproduction experiments using natural images, and image segmen-
tation maps. The procedure was identical to Experiments 1-4 except that due to the increased task difficulty, allowable margins
of error were 7% for the practice trials and 15% for the experimental trials.

Experiments 17-27 (Fig. 3 and Fig. S7): Visual discrimination experiments. We used the exact same stimulus images that were
used in the serial reproduction experiments with the natural images. For the shape images, we used versions that were reduced
in size to limit the number of trials required to obtain full d”maps (although we preserved the aspect ratios of the gray shapes
in the images). We produced a regular grid of point locations that spanned the full area of each of the images. The grid points
were 7 pixels apart. During the task, participants saw an image presented for 1000 ms with a red point placed over it (Fig. 3B).
Following a 1000 ms delay with a blank screen, the image reappeared with the point either in the same exact location relative
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to the image or in a shifted position (the durations of the display were identical to those in the serial reproduction experiments).
In the “shifted” condition, the shifted point was offset by 6 pixels somewhere along a circular radius around the original point
location, sampled at random. The second display remained for 1000 ms on the screen and was followed by a 2AFC (“red dot
same”, or “red dot shifted”). Participants could take as long as they liked to choose a response, although they had to complete
the experiment within one hour before the HIT expired. We obtained responses from a total of 20 participants for each grid
point, and for each condition (“same” or “shifted”). The full instructions at the start of the experiment were as follows: “In
this experiment, you will see two images presented one after the other (the gray triangles below). These images will have a red
dot placed over them. Your task is to determine if the red dot is in the same spot relative to the image for both images in the
pair, or if the red dot appears displaced the second time it is presented. NOTE: The displays will be displayed at random
positions on the screen, even in cases when the red dot is placed in the EXACT SAME spot over the image! So part of the
challenge is to ignore the random shifting of the overall display, and focus on the RELATIVE positions of the dots in relation
to the images, ignoring the random overall displacements. Finally, in the actual experiment, the image will be a natural black
and white photograph instead of the gray triangle in these instructions.” For the discrimination experiment, compensation was
between $0.75 and $1.0, and typically included 160 trials. Participants could take part in as many discrimination experiments
as they wished.

Experiments 28-29 (Fig. S17): Serial reproduction experiments using images with illusory corners. The procedure was identical
to the one used for Experiments 1-4 for the square with an illusory corner, and identical to the one used for Experiments 5-11
in the case of the face with the illusory eye.

Experiments 30-32 (Fig. S9A-B): Serial reproduction experiments: precision manipulations. We manipulated encoding preci-
sion through either stimulus manipulations, or a timing manipulation for one of the natural images (the plane image). For the
timing manipulation, we reduced the encoding time during the presentation phase from 1000 ms to 200 ms. For the stimulus
manipulations, we kept the original encoding time of 1000 ms during the presentation phase, but we changed the stimulus
image by (1) reducing the contrast of the stimulus image, or (2) adding Gaussian noise to the stimulus image (see Fig. S9A-B).
Aside from these changes, the transmission chains were identical in design to the one that produced the original finding for the
same image (See Fig. S9E).

Experiments 33-34 (Fig. S9C-D): Serial reproduction experiments: context manipulations. We manipulated the context in two
ways: (1) by interleaving the experimental trials with trials in which point locations were presented in random locations (to
test carry-over effects and the Markovian assumption), and (2) by introducing a payoff in the task. The payoff manipulation
examined whether a monetary incentive can alter participant response patterns. We enforced uniformity by adding dummy
trials between each of the trials in which a point location sampled from a uniform distribution over the image was presented. In
the payoff manipulation, we rewarded correct responses that were within 2.5% of the width and height subtended by the image,
and to the right of the true point location with double the normal bonus (correct responses to the left of the true location
were only awarded the normal bonus). We provided trial-by-trial feedback indicating that the response was awarded double
the normal bonus or just the normal bonus. The instructions at the beginning of the experiment also indicated that correct
responses that were to the right of the true location would be awarded double.

Experiments 35 (Fig. S9B): Serial reproduction experiments: delay manipulation. The design was identical to the design used
in Experiments 5-11 except that the delay phase was extended from 1000 ms to 2000 ms.

Experiments 36 (Fig. S1B and Fig. S20): Serial reproduction experiments (within-subject design). We used a fully within-
subject design, where each participant was assigned a set of chains to complete in full (rather than the between-subject design
in which participants only participated in a chain once).

Experiments 37 (Fig. S1B and Fig. S21): Serial reproduction experiments (within-subject design). The design was identical to
the within-subject design used for experiment 36.

Experiments 38-45 (Fig. S18, Fig. S19): Serial reproduction experiments: comparisons to fixation maps. The procedure was
identical to the one used for Experiments 5-11.

Experiments 46-61 (Fig. S19): “Graspability” and “meaning” map experiments (Fig. S19). We used the procedure described
by (17-19) to generate dense “graspability” and “meaning” maps for 8 images in the database of images used by (4) for
which detailed eye-movement fixation patterns were available. To do this, we extracted a 20 by 20 grid of fine-scale circular
image patches from each of the images, and a 12 by 12 grid of coarse-scale circular image patches from the same images.
The patches were extracted from high-resolution versions of the images that were full-color 2430 by 2430 pixel images. The
diameter of the fine-scale patches was 256 pixels, and the diameter of the coarse-scale patches was 442 pixels (see Fig. S19A).
We presented each of the patches along with a small thumbnail of the full image that included a green circular marker over
the image to indicate where the patch was extracted from, for context. Participants either rated the “informativeness or
recognizability” of the image content revealed by each of the patches using a Likert scale (1 = “Very low recognizability”, 2 =
“Low recognizability”, 3 = “Somewhat low recognizability”, 4 = “Somewhat high recognizability”, 5 = “High recognizability”, 6
= “Very high recognizability”), or they rated the “graspability” of the image content revealed by each of the patches (also
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using a Likert scale, see Fig. S19B). Participants rated a total of 136 random patches from a given image per experiment, and
we obtained judgments from 10 unique participants for each image patch over AMT. Participants were paid $1.5 for their
participation.

Experiments 62-68 (Fig. S10): Forward and backward noise masking experiments, blank encoding, and blank reproduction
manipulations. The procedure was nearly identical to the one used for Experiments 5-11. In the case of the forward and
backward masking experiments, the differences were the following: the encoding time was reduced from 1000 ms to 300
ms. In addition, we introduced 500 ms forward and backward noise masking to the encoding phase. The noise sequences
were composed of random 1/f “pink” noise images that were the same dimensions as the natural and blank images. In one
experiment, the lighthouse image was used during the encoding and reproduction phase, in the second, the lighthouse image
was shown during the encoding phase, but replaced with a blank uniform gray frame during the reproduction phase. In the
case of the blank encoding and blank reproduction manipulations, the encoding time was also manipulated from 1000 ms to
300 ms, but with no noise masking during the encoding phase. In the first experiment, we used the lighthouse image during
the encoding phase, followed by the blank uniform gray frame during the reproduction phase. In the second, the order was
reversed. Finally, we repeated the experiment using only uniform gray frames as a control experiment (shown for 1000 ms) as
well as using the lighthouse image throughout with a 300 ms encoding time.

Experiments 69-72 (Fig. S16): Serial reproduction experiments: landscape images. The procedure was identical to the one
used for Experiments 5-11.

Experiments 73 (Fig. S11): Serial reproduction experiments: Temporal encoding manipulation with complex shape images.
The procedure was identical to the one used for experiments 1-4, except that the encoding time was changed from 1000 ms to
300 ms).

Experiments 74-85 (Fig. S11): Serial reproduction experiments: Spatial complexity manipulation with complex regular poly-
gon images. The procedure was identical to the one used for experiments 1-4.

Statistical Analysis

The Jensen-Shannon Divergence (JSD). In order to compute the distance between distributions we used the Jensen-Shannon
Divergence (JSD). The JSD of two distributions P and Q is defined by the following;:

1 1
ISD(P,Q) = KL (P | M) + SKL(Q[I M)
where M = (P + Q) and KL (P1[P}) is the Kullback-Liebler (KL) divergence:

P1 (S)
P2(s)

The JSD is symmetric, and bounded between 0 and 1. It is equal to 0 when P1 = P».

ds

KL (Pl EE&) = Pl(S) log2

S

Between-subject and within-subject serial reproduction designs. Our main findings were obtained using a strictly between-
subject design (see Fig. S1A). In this design, AMT participants could only participate in a chain once (each trial corresponded
to a node inside a different chain). We also completed two within-subject serial reproduction experiments. In these cases,
participants were assigned full chains, and completed all the iterations for their assigned chains (see Fig. S1B). We show the
results for all iterations of the chains for both designs, and for both a shape and a natural image in Fig. S20A-B, and Fig.
S21A-B. The within-participant design requires that each participant complete entire chains, so for an experiment with 100
trials, that limits the number of chains to only 5. This means that each participant reconstructs point locations shown in a very
restricted part of the space. The task then becomes obviously biased in a few spatial locations which may appear repetitive to
a participant, since the same 5 points repeat in approximately the same places. However, when a participant completes trials
in a fully between-subject design he/she participates only once per chain and is allowed to participate in 100 different chains
initialized in 100 unique random locations in the image (for 100 trials). This makes the task more engaging and potentially
explains the reduced noise in this case.

Encoding precision manipulations, payoff, and other manipulations. We completed direct manipulations of encoding precision
using the serial reproduction paradigm for one of our natural images (airplane image). We also completed a payoff manipulation
and a uniformity manipulation to test the Markovian assumption.

Encoding precision manipulations. We manipulated encoding precision in two ways: by reducing the encoding time during the
presentation of the point location from 1000 ms to 200 ms, or by (1) reducing the contrast of the stimulus image, or (2) adding
Gaussian noise to the stimulus image (see Fig. S9A-B). We found that these manipulations had a significant effect on the
structure of the resulting priors (Fig. S9F-G), which appear simplified relative to the original finding using the same image
(Fig. S9F). We confirmed this quantitatively using the Jensen-Shannon-Divergence (JSD), and the following analysis: We
started by obtaining 1000 split-half random sample pairs of the data from the original experiment (1000 unique partitions of
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the chains). This yielded 1000 data pairs of approximately 250 unique chains (two equal sized random partitions of the full 500
chains). We then t a KDE to the data in the 20th and nal iteration of each of the two partitions for all 1000 pairs, yielding
1000 KDE pairs. We then computed the JSD between each of the pairs, which yielded 1000 JSD values. This distribution
provides a measure of the internal consistency and variation of the KDEs of the original data. In order to test if the encoding
precision manipulations had an e ect on the structure of the priors, we repeated the same procedure described above, except
that instead of comparing KDEs t to random splits of the original data, we compared KDEs t to random partitions of

the original data to KDEs t to random partitions of the data obtained from the manipulations. This yielded a distribution

of 1000 JSD values for each of the experimental manipulations, each providing a measure of how much the manipulations
produced distributions that diverged from the original distribution of point locations in the 20th iteration of the chains. We
then obtained 1000 JSD di erences by subtracting each of the 1000 JSD values for each of the manipulations from the 1000
JSD values obtained from split-half samples of the original data. Finally, we tested whether each of these distributions of
di erences were signi cantly di erent from 0 (see Fig. S9G). We found that JSD di erences for the 200 ms encoding time,
contrast, and Gaussian noise stimulus manipulations were signi cantly di erent from 0 in all cases ( p < 0.001). We applied the
Bonferroni correction to adjust for multiple comparisons.

Payoff and other manipulations. We tested the e ect of introducing a payo manipulation Fig. S9C-D. In addition we tested the
Markovian assumption by interleaving experimental trials with trials that have a uniformity prior on point locations throughout
the chains. This way, if contextual information from previous trials is important we expected to measure a change in the
structure of the prior. We found that neither manipulation produced signi cant changes in the structure of the priors when
compared to the original ndings. We evaluated this quantitatively using the JSD measure in the same way that we evaluated
the e ect of the encoding precision manipulations (see section above for details).

Testing Deviation from a Uniform Distribution Using JSD Distance (Fig. S5). To quantitatively test whether the distribution

of seeds as well as the subsequent iterations deviated signi cantly from a uniform distribution over the image, we computed
the mean JSD distance between the parametric KDE from all experimental points of a given iteration and KDEs of points
sampled from a uniform distribution over the image. To evaluate statistical signi cance, we created two randomized data sets
where the same number of points as in the experimental data were sampled from a uniform distribution. We then computed
the JSD between the KDEs of these two data sets. This was necessary because the JSD between two distributions is always
non-negative, and therefore any distribution evaluated from a nite number of points would have a non-zero distance from

a uniform distribution. As expected, the JSD distance between the initial seeds and uniform samples was not signi cantly
di erent from the null distribution. The data for the rst iteration deviated signi cantly from a uniform distribution for

the triangle, square and pentagon (p = 0.035, 0.001, 0.004), but not signi cantly for the circle ( p = 0.09). However, for
all subsequent iterations (iterations 2-20) the distributions signi cantly di ered from uniform ( p < 0.001 for all shapes and
iterations. We applied the Bonferroni corrections for multiple comparisons. Similarly, the JSD distances between the initial
seeds of natural images (Experiments 5-11) were not signi cantly di erent from the null distribution ( p > 0.13 for the face,
lighthouse, bird, room, plane, horse, and boat images); marginally signi cant for iterations 1-4 ( p = 0.001-0.3 for the 7 images);
and highly signi cant for iterations 5-20 ( p < 0.001 for all iterations and images, Bonferroni correction applied). Fig. S6 shows
the results for natural images, and shapes (Experiments 1-11). Fig. S20A and S21A show the distributions of points for all 20
iterations for the pentagon shape, and a natural image, respectively.

Transmission Chain Convergence Analysis (Fig. S5 and S6). To assess whether the transmission chain process converges within
20 iterations, we used three methods: distributional distance between each iteration and the last iteration, distributional
distance between adjacent iterations, and copying accuracy.

JSD distance between each iteration and the last iteration.  This method is used to assess whether the last iteration is characteristic of
a converged state. If the chain converged we expect the distance to the last iteration to decrease and stabilize as the iteration
number approaches the nal iteration (the distance between iteration 1 and 20 should be larger than the distance between
iteration 5 and 20, and so on). For each of the 20 iterations and initial seeds we computed the parametric KDE as explained in
the Methods section. We then computed the JSD distance between each iteration and the last iteration. In other words, we
tested the di erence between JSD distances of pairs of iterations (For example, we compared the distance between the two last
iterations (19 and 20) with the distance between iteration K and 20 (K = 0 is the initial seeds). We then tested whether these
di erences were signi cant, and when they ceased to be signi cant). To test for statistical signi cance, we randomized 1000
datasets by sampling the data for all iterations with replacement and computing the distance between the KDEs t to the
bootstrapped data from di erent iterations. Bonferroni corrections were applied in all cases.

The JSD distance between iteration 1 and 20 was signi cantly larger than the one between iteration 19 and 20 for all
experiments (p < 0.001 for the shapes and the natural images). However, the distance decreases with a monotonous trend (see
Fig. S5). The distance between iteration m and 20 was not signi cantly di erent from the distance between iteration 19 and
20 forall m K where K was 18, 16, 15, 18 for the circle, triangle, square and pentagon; andK = 12, 12, 13, 11, 10, 11, 13
for the face, lighthouse, bird, room, plane, horse and boat images).

JSD distance between subsequent iterations.  In this method, we compared the distance between pairs of subsequent iterations
(comparing the distance between iterations 1 and 2 to the distance between iterations 2 and 3, and so on). At a converged
state of the process we expect that the distance between subsequent iterations will not signi cantly change. We found that
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for geometric shapes, the distance between iteration 0 and 1 was signi cantly di erent from the distance between iteration
19 and 20 for the triangle and pentagon (p < 0.001, p = 0.001) but not signi cant for the circle and square ( p =0.371, p =
0.121), corrected for multiple comparisons). The distance between iteration m and m+1 was not signi cantly di erent from
the distance between iteration 19 and 20 for all m > K where K was larger than 1 for all the shapes. Note that the results for
the natural images did not show a signi cant decrease in this metric for all iterations, indicating a gradual change with xed
temporal dynamics. The results of this analysis are shown in Fig. S5.

Copying accuracy. In this method we computed the copying accuracy using the root of the mean squared Euclidean distances
between stimulus and response vectors. To test for signi cance, we randomized 1000 datasets by sampling with replacement
from the experimental data and computing the copying accuracy for each iteration. The results of this analysis are also shown
in Fig. S6. We found that for geometric shapes, copying accuracy of the rst two iterations was signi cantly di erent from the
copying accuracy for the last iterations, for the circle, square, triangle, and pentagon ( p = 0.044, p < 0.001, p < 0.001, p <
0.001). The copying accuracy of iteration m and m+1 was not signi cantly di erent from the copying accuracy of the last
iterations for all m > K where K was 5, 15, 15, 9 for the circle, square, triangle, and pentagon respectively). Note that as the
results of the analysis of JSD distances between subsequent iterations show, the copying accuracy for natural images did not
reveal a signi cant decrease, suggesting that the average step size of the process stabilized right from the beginning.

In a regime where there are numerous nearby landmarks in the scene (as with natural images), copying accuracy does not
necessarily decrease with additional iterations, as the bias is approximately related to the distance between the current point
and the nearby landmark. In the case of shape images however, where there are only a few landmarks (vertices that can be far
from a point location to be remembered) the analysis shows a systematic decrease in the copying accuracy for the rst few
iterations.

Temporal Encoding Manipulation (Fig. S11).  We predicted that using shorter exposure times would force participants to use
more compact internal representations. When participants were presented with a 19-sided regular polygon shape for 300 ms,
their shared internal representation tended towards a pattern of biases that was more similar to the results for the circle
when compared to the results obtained for the 19-sided polygon using a 1000 ms presentation duration. We obtained 1000
bootstrapped samples of the nal iteration results with replacement for both manipulations and compared the KDEs t to
these samples with KDEs t to 1000 bootstrapped samples of the nal iteration of the circle result. We found that the JSDs

of the results for the 300 ms encoding time manipulation (average JSD =0.1647 , SD = 0.011) were smaller than the JSDs
between the results for the 1000 ms manipulation (average JSD = 0.2336, SD = 0.012, p < 0.001), indicating that reduced
encoding time for a complex polygon does indeed result in a simpler pattern of biases that is closer to the pattern for the circle
(Fig. S11). This nding is consistent with a theoretical prediction of the e cient encoding theory, namely that constraints on
encoding resources will result in simpli ed internal representations rather than simply noisier versions of the representation
obtained without reductions in encoding time.

Complexity Manipulation (Fig. S11). The apparent increase in peaks in visual memory KDEs for more complex regular polygons
led us to consider changes to the internal representation in the limit, as the regular polygons become more complex and start
to approximate a circle. Using the same bootstrapping procedure used for quantifying the di erences in JSD for the temporal
encoding manipulations, we compared the JSDs obtained from comparing the nal results for each of the regular polygons
to the nal results for a circle of the same area as the polygons. We found that the JSDs obtained for the 21-sided and the
25-sided polygons (averageJSD = 0.137, SD = 0.009, and average JSD = 0.075, SD = 0.007) were signi cantly di erent from
each other (p < 0.001), as were the JSDs obtained for the 15-sided and 17-sided polygons (averagelSD = 0.275, SD = 0.013,
averageJSD = 0.205, SD = 0.011, respectively, p < 0.001), and the JSDs obtained for the triangle and diamond shape (average
JSD = 0.624, SD = 0.009, average JSD = 0.672, SD = 0.004, p < 0.001). Overall, the pattern shows a near-monotonic decrease
in the JSD means as the shape complexity increases, indicating that as polygons acquire more edges, the resulting memory
biases begin to resemble those obtained for a circle. This nding is also in line with predictions of the e cient encoding model,
which theorizes that limits in encoding resources will result in simpli ed internal representations rather than just noisier ones.

CAM bootstrapping reliability analysis (see Fig S14). We compared the internal reliability of the transmission chain results with
the predictions of the cam for one of our images (the plane image). To do so, we used a variant of bootstrapping. This variant
aims to (a) simulate di erent amounts of chains: this is done by bootstrapping with replacement, and (b) avoid over tting in
each of the methods: this is done by separating the data into training and testing split-half datasets. In the procedure, we
start by performing a random split of the data, keeping one split-half as the testing dataset and the other split-half as the
training dataset from which we sample with replacement and t the cam. The exact analysis is described below:

To compare the internal reliability of the chain results to the cam estimates, we did the following 1) we computed the correlation
between KDEs t to the data in the last iteration of two random partitions (splits) of the data (KDE split-half reliability). 2)

We then compared that correlation to the correlation between a KDE t to the data in split L toa  cam estimate t to the
data in split 2. We varied the number of K chains sampled from the chains in split 2 to t the cam from the stimulus and
response pairs in iteration 1 of the chains. We also used the sameK chains in split 2 to t a KDE when computing the KDE
split-half reliability estimates. For each value of K, we computed the correlation to the KDE t to the data in the last iteration

of the 250 chains in split 1 to the cam and KDE estimates obtained from the K chains in split 2. Finally, we repeated the
analysis for each value of K 100 times by obtaining 100 random partitions (splits) of the chains. This procedure is illustrated
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in Fig. S14A. It shows, for a given random partition of the data into two equal splits, the model tting and comparison that
we completed to compare the internal reliability of the serial reproduction chain estimates to estimates made using the cam.
Fig. S14B shows the results comparing the internal reliability of the KDEs t to random splits of the data, as well as the
reliability of the cam estimates, using 5, 10, and 20 prototypes, for each value ofK samples from the 2nd partition of 250
chains. The shaded error bars correspond to 100 random partitions of the full chains into two equal parts. The x-axis in the
graph (Fig. S14B) is normalized according to the number of participant trials used for the estimation (equating for the fact
that the serial reproduction estimates are made from multiple iterations, and therefore more data). This analysis shows that
the serial reproduction results are signi cantly more internally reliable than the cam estimates for all values of K, even whenK
is large. In other words, even when the two methods are equated for the amount of data used, the serial reproduction results
produce more reliable estimates. This indicates that using the cam t to the data in the rst iteration of the chains cannot
produce estimates of the modes in the prior that are as reliable as those obtained using serial reproduction.

Calculating d°. d®scores were computed for each image, and for each condition ( same or shifted condition in the discrimination
task) by calculating the False Alarm ( FA) rate (the number of times a given label was selected when the image shown was not
an instance of that label, over the number of times that the presented images were not instances of that label), and the HIT
rate (the number of times that a given label was selected when the image shown was an instance of that label, over the number
of times that all the presented images were instances of that label). d°is given by: d®= Z(HIT) Z(FA) where the function
Z(p);p 2 [0; 1], is the inverse of the cumulative distribution function of the Gaussian distribution.

Model Comparisons: Predicting the Spatial Memory KDE using Local Image Features (Fig. S17, Fig. S15). We extracted local
gradient-based corner and edge features using the Canny edge detector, and the Harris corner detector 20 22). We used
all allowable parameter ranges and the OpenCV implementation ( 23) as explained in detail below. We then computed the
correlations between the feature maps and the nal spatial memory KDEs obtained for the natural images. For each feature
detector, we performed a detailed grid search of all the parameter settings within the ranges that are speci ed for these
algorithms. In addition, we added a smoothing parameter (the standard deviation of an isotropic Gaussian kernel that was
convolved with the nal feature map). We searched for the maximally predictive parameters for a given feature detector as
measured by its peak correlation to the concatenated KDEs. The reported result was the one that provided the best correlation
among all searched parameters including the smoothing parameter. We selected the parameters that were optimal for predicting
the nal spatial memory KDEs for all images represented as a single concatenated matrix of each of the individual KDEs,
using the corresponding concatenated feature maps. For the other features (centers of mass (CoM), xations, segmentation
image KDEs, discrimination d° maps), there were no parameters aside from the smoothing parameter, which was determined
based on which provided the best correlation to the concatenated matrix of the nal spatial memory KDEs for the images for
which xations and segmentation maps were available. We then obtained the predictions for each of the individual KDEs
using the optimal parameter settings obtained for the concatenated matrix of all KDEs. When testing whether feature maps
produced signi cantly di erent predictions (correlations to the prior KDEs across all the images), we compared the correlations

of the concatenated feature maps to the concatenated image KDEs, and used 1000 bootstrapped samples of the data in the
nal iteration of the chains to estimate the standard deviation for each of the feature predictions. In addition to showing the
results for the individual images, we report signi cant di erences between the predictors across all images where applicable in
the main text.

Edges. For each image, we extracted 2,400 Canny edge maps, each corresponding to the feature map for a unique set of
parameter settings (20). The Canny edge detector has four parameters: the rst and second threshold for the hysteresis
procedure, the aperture size of the Sobel lter (which computes the gradient in the image), and the norm of the gradient
magnitude (either an L2 norm or an L1 norm). Increments of 10 within a range of 0 t