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Abstract

Studies suggest that mid-level features could underlie object animacy perception. In the current research, we tested whether
ensemble animacy perception is based on high- or mid-level features. We used five types of images of animals and inanimate
objects: color, grayscale, silhouettes, texforms — unrecognizable images that preserve mid-level texture and shape information
— and scrambled images. In the series of Experiments 1, we asked participants to evaluate the animacy of single images and
sets of eight images using a 10-point scale. In the series of Experiments 2, participants were shown two sets of eight images
and had to choose a more animate one in the two-alternative forced-choice (2AFC) task. We found that in both paradigms,
observers could report the mean animacy of the set of texform images without direct access to information about high-level
features. Thus, ensemble animacy could be extracted only based on mid-level features such as shape and texture without

access to more high-level information.
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Introduction

The visual environment consists of numerous basic feature
dimensions, which are naturally combined into various
textures and patterns that can be recognized as meaningful
objects. According to previous studies, all the properties of
object representation could be divided into three levels: low-
level, mid-level, and high-level features (Anderson, 2020;
Freeman & Simoncelli, 2011; Groen, Silson, & Baker, 2017;
Hayes & Henderson, 2021; Long et al., 2018; Peirce, 2015;
Whitney & Yamanashi Leib, 2018). This is not a strict cat-
egorization of the features, but this hierarchical structure
is linked to the processing of information from the lower
(e.g., V1 connected with orientation processing; Hubel
& Wiesel, 1959) to the higher (e.g., FFA, correlated with
face processing; Kanwisher et al., 1997) visual areas. Basic
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visual features, like color or orientation, are usually consid-
ered low-level visual features, whereas high-level features
are related to categorical or semantic representations. Mid-
level features, which include information about texture and
shape, are placed between them. Different levels of feature
processing set different requirements for the visual system,
which it cannot always meet due to its limitations (Cowan,
2001; Luck & Vogel, 1997; Mack & Rock, 1998; Miller,
1956; Pylyshyn & Storm, 1988; Simons & Chabris, 1999).
However, we still perceive the world as rich, continuous,
and detailed (Alvarez, 2011; Cohen et al., 2016). The visual
system extracts statistical regularities from the information
flow and represents them as summary statistics, which helps
us in fast statistical estimation, rapid segmentation, and cat-
egorization of multiple objects (Alvarez, 2011; Ariely, 2001;
Whitney & Yamanashi Leib, 2018).

Ensemble summary statistics aid us in making rapid
statistical judgments about a set of objects without having
full information about each of them (Ariely, 2001; Chong
& Treisman, 2005; Whiting & Oriet, 2011). Early works
in this area were focused primarily on the representation
of low-level features such as visual motion (Watamaniuk
& McKee, 1998; Watamaniuk et al., 1989), brightness
(Bauer, 2009), orientation (Attarha & Moore, 2015;
Dakin & Watt, 1997; Parkes et al., 2001), hue (Gardelle
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& Summerfield, 2011; Maule & Franklin, 2015), and spa-
tial location (Alvarez & Oliva, 2008). Recent studies have
shown that observers can easily extract summary statistics
for mid-level features such as object size (Ariely, 2001;
Chong & Treisman, 2003; Haberman & Suresh, 2021;
Markov & Tiurina, 2021; Tiurina & Utochkin, 2019),
shape (Khayat et al., 2021; Sweeny et al., 2021), and tex-
ture (Cant & Xu, 2012, 2017; Koenderink et al., 2004).
Observers could also estimate summary statistics for
high-level visual features: emotion, gender, gaze direc-
tion, and head rotation (Florey et al., 2016, 2017; Haber-
man & Whitney, 2007, 2009; Han et al., 2020; Sweeny &
Whitney, 2014; Yamanashi Leib et al., 2014); categori-
cal characteristics (Khayat & Hochstein, 2019); economic
value (Yamanashi Leib et al., 2020), and animacy (Yama-
nashi Leib et al., 2016).

However, it is still unclear whether high-level features
are required to evaluate statistics for such complex abstract
visual features as animacy or lifelikeness. Yamanashi Leib
and colleagues (2016) demonstrated that observers were able
to extract the mean animacy from a set of objects. Numer-
ous experiments have provided strong evidence that this
estimation occurred in spatial and temporal domains and
could not be explained by subsampling or memory strate-
gies. This finding suggested that this is an example of how
a visual system could extract high-level and abstract infor-
mation from multiple elements and that these results could
not be explained by image properties or visual features of
the stimuli (Whitney & Yamanashi Leib, 2018; Yamanashi
Leib et al., 2016).

In contrast, studies suggest that estimation of object ani-
macy can be based not on high-level features but rather on
mid-level features, such as: second-order statistics (for dif-
ferent categories even beyond animacy: Torralba & Oliva,
2003), curvilinearity (Levin et al., 2001), mid-level texture
and shape information (Li & Bonner, 2020; Long, Stormer,
& Alvarez, 2017; Long et al., 2018; Schmidt et al., 2017,
Wang et al., 2022; Zachariou et al., 2018), elongation and
graspability (Almeida et al., 2014), and edge co-occur-
rences (Perrinet & Bednar, 2015). Importantly, these mid-
level features could be accessed rapidly (Wang et al., 2022)
and in a bottom-up visual processing way (Zachariou et al.,
2018).

Access to each individual object representation is hardly
possible during mean extraction from the set of items. How
could a visual system extract and compress information
about high-level properties without categorization of each
individual item? In light of the findings in object animacy
perception (e.g., Long et al., 2017, 2018), we investigated
the role of high-level and mid-level features in ensemble
animacy perception. The main goal of the study was not to
find the exact features behind the ensemble animacy percep-
tion but to demonstrate that ensemble animacy perception

@ Springer

is similar to object animacy perception and requires access
only to mid-level features. In a series of experiments, we
used five different types of stimuli: original color images,
grayscale images with controlled luminance and contrast
(SHINE toolbox; Willenbockel, et al., 2010), black silhou-
ettes, texforms (Deza, Chen, Long, & Konkle, 2019; Free-
man & Simoncelli, 2011; Long et al., 2018), and scrambled
images created with diffeomorphic scrambling (Stojanoski
& Cusack, 2014). The key manipulation was to test mean
animacy extraction for texform images that contain some
coarse texture and form information but are unrecognizable
at the basic level — texforms lack high-level visual features,
which are important for basic-level categorization (Deza,
et al., 2019; Freeman & Simoncelli, 2011; Long, et al., 2017,
2018). Through all the experiments, we showed that observ-
ers were able to extract the mean animacy of the given set
only based on mid-level features.

Experiment 1A

The series of Experiments 1 is based on the paradigms of
previous studies investigating ensemble representation for
complex visual properties (Han et al., 2020; Yamanashi Leib
et al., 2016, 2020). In Experiment 1A, we tested all types
of images. In Experiment 1B, we tested only texforms to
avoid the influence of one type of image on another and rec-
ognition of texforms. In Experiment 1C, we tested whether
participants used sampling strategies to perform the task.
In Experiment 1A, observers completed two tasks: the
object rating task (Fig. 1B) and the ensemble rating task
(Fig. 1C). We presented one image (object rating task) or a
set of images of animals and non-animals (ensemble rating
task) and asked observers to report the animacy using the
Likert scale. We used four types of images: original color
images, grayscale images, black silhouettes, and texforms
(Fig. 1A). Texforms contain the mid-level features of the
original images; however, they are unrecognizable at the
basic level. Thus, we used them as a “litmus test” to investi-
gate whether ensemble animacy perception requires access
to high-level information.

Method
Participants

Ten participants (three female, mean age =25.3 years,
SD =6.3) were recruited through the Prolific platform
(www.prolific.ac; Palan & Schitter, 2018; Peer et al., 2017)
and given access to the online experiments using Pavlovia
(https://pavlovia.org). The compensation for participation
amounted to £5 per hour (Experiment 1A lasted approxi-
mately 25 min). The sample size was based on previous
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A ORIGINAL GRAYSCALE SILHOUETTE TEXFORM SCRAMBLED

INANIMATE  ANIMATE

Exp 1A & 2A

inanimate

Fig.1 Five types of stimuli were used in the Experiments (A). The
time course of a typical trial in Experiment 1A, 1B, and 1C in the
object rating task (B) and the ensemble rating task (C). In both tasks,

studies with a similar paradigm (Haberman & Whitney,
2011; Han et al., 2020; Sweeny et al., 2015; Yamanashi Leib
et al., 2016). We conducted an additional power analysis
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participants had to rate animacy using the Likert scale. The sizes
depicted here do not correspond to the real sizes of images in the
experiment and serve illustrative purposes only

using G*Power (Faul et al., 2007) that revealed a required
sample size of six participants to detect an effect of 1.5
(based on the pilot data of texform object rating task, see
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below) with a power of 0.80 and a two-sided t-test against a
constant at an alpha level of 0.05. We recruited ten partici-
pants to avoid any technical problems with online experi-
ments. Data analysis was also made on the subject level and
we replicated our results in the following experiments and
different paradigms (Experiment 1 vs. Experiment 2), thus
sample size of ten participants is sufficient.

Apparatus and stimuli

The experiment was developed and presented online via
PsychoPy v2020.2.10 (Bridges et al., 2020; Peirce et al.,
2019).

In Experiment 1A, we used four types of stimuli images
of animals and inanimate objects (Fig. 1A): original color
images (Konkle & Caramazza, 2013), their high-contrast
grayscale and texform versions, taken from subset of highly
unrecognizable (on average, identified at the basic level less
than 3% of the time) at the basic level texforms (Long et al.,
2018), and black silhouettes of the same images we created
for this study. All four types of stimuli were preliminarily
tested in a separate online experiment (N =10, two female,
mean age =23.3 years, SD =4.34) with the object rating task
in which participants rated images as animate and inanimate
using the Likert scale from 1 to 10. The results of the test
showed that images of animals (M = 8.4) were rated as signif-
icantly more animate than images of objects (M =1.7; com-
parison: #(9)=28.892, p <0.001, Cohen’s d=9.136). Ani-
macy ratings were different between the images of animals
and inanimate objects for all types of images (original: ani-
mate (M =9.2) versus inanimate (M =1.1) — #(9)=175.103,
p<0.001, Cohen’s d=55.372; grayscale: animate (M =9.45)
versus inanimate (M =1.16) — #9)=29.394, p<0.001,
Cohen’s d=9.265; black silhouette: animate (M =8.89) ver-
sus inanimate (M =1.26) — #9)=20.216, p <0.001, Cohen’s
d=6.393; texform: animate (M =5.36) versus inanimate
(M=3.48) — 1(9)=4.801, p<0.001, Cohen’s d=1.518).
The later effect size was taken for power analysis, since we
expected a similar, if not slightly lesser, effect size could
be anticipated for ensemble perception tasks. Considering
the results of the online experiment, we selected the top
40% of the images of animals highly rated as animate and
the top 40% of the images of objects highly rated as inani-
mate among all types of images to decrease the noise in the
following experiments. The final stimuli set consists of 24
images per category and is available for open access at OSF
(https://osf.io/7s5e2/).

Stimuli were presented on a gray background. The size
of each image was 150 pix (approximately 3.8 degrees if
the viewing distance was 60 cm and PPI was 96). In the
object rating task (in Experiments 1A, B, and C and 2A,
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B, and C), one object was presented at the center of the
screen. In the ensemble rating task (Experiments 1A, B,
and C), the spatial arrangement of eight different images
was snapped to the 3 X 3 grid, and the size of each cell
was 200 x 200 pix (~5.05° x 5.05°). The central cell was
always empty. Each image was assigned randomly to the
center of the cells, and then a random number from -20
pix to 20 pix (~0.5°) was added to each of the coordinates.

Procedure

Each trial in the object rating task (Fig. 1B) started
with a blank screen (500 ms), then one image appeared
for 500 ms at the center of the screen, and after another
500 ms of blank screen, the response tool appeared. We
asked participants to rate images as animate and inanimate
using a scale from 1 to 10 where 1 corresponded to inani-
mate and 10 corresponded to animate. Participants always
completed the object rating task before the ensemble rating
task or two-alternative forced-choice (2AFC) task. In the
object rating task, each image was presented once (96 tri-
als for this task in total).

The ensemble rating task (Fig. 1C) was almost identi-
cal with only one difference — we showed a set of eight
objects. We used nine possible configurations of the image
set — from zero to eight animate images in the set. In
Experiment 1A, each configuration for each type of stimuli
(original, grayscale, black silhouettes, and texforms) was
presented five times (45 trials per type of image, 180 tri-
als in total).

Data analysis

In the object rating task, the mean rate was estimated
separately for each type of image. The standard frequen-
tist and Bayesian t-tests were calculated. The Bayesian
t-test is a direct way to estimate evidence for H, against
H, (Rouder et al., 2009). The Bayes factor (BF,,) was
calculated using JASP 0.14.0.0 (JASP Team, 2021;
Wagenmakers et al., 2017) and interpreted using the
standard Jeffrey’s scale (1961). The Cauchy distribution
with a width of 0.707 was used as a prior distribution of
effect sizes under H,,.

In the ensemble rating task, we estimated Pearson corre-
lations for each type of image and each participant individu-
ally. We computed the correlations between participants’
ratings in the ensemble rating task and the number of pre-
sented animate images in the set. Additionally, the “mean
individual rating” was computed for each trial in the ensem-
ble task by averaging the individual animacy ratings of each
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object in the set. Individual animacy ratings were taken from
the results of the object rating task for each participant sepa-
rately. We also computed the correlation between “mean
individual rating” and observers’ answers in the ensemble
rating task.

The statistics were calculated using JASP 0.14.0.0 (JASP
Team, 2021) and Pingouin 0.3.11 Python Package (Vallat,
2018).

Results
Object rating task

The analysis of mean ratings in the object rating task data
showed that images of animals were rated as more ani-
mate than images of inanimate objects regardless of the
type of stimulus (Fig. 2A; image type F(3, 27)=11.205,
p<0.001, n2p=0.555; animacy F(1,9)=1155.05, p<0.001,
nzp =0.992; interaction F(3, 27)=42.375, p<0.001,
n2P= 0.940; original: animate (M =9.7) versus inanimate
(M=1.2) — 1(9)=40.144, p <0.001, BF;,> 10, Cohen’s
d=12.695; grayscale: animate (M =9.59) versus inanimate
(M=1.22) — #(9)=25.229, p<0.001, BF,,> 10°, Cohen’s
d=7.978; black silhouette: animate (M =9.37) versus
inanimate (M =1.21) — #(9)=23.739, p<0.001, BF;,> 10°,
Cohen’s d=7.507; texform: animate (M =5.84) versus
inanimate (M =3.29) — #(9)=9.397, p <0.001, BF ;,=3229,
Cohen’s d=2.972).

A

Experiment 1A

B

Ensemble rating task

The analysis of the ensemble rating task was conducted
in accordance with the analysis pipeline reported in previ-
ous studies (Han et al., 2020; Yamanashi Leib et al., 2016,
2020). We estimated two types of correlations: first, between
observer ratings in the ensemble rating task and the number of
animate images, and second, between observer ratings in the
ensemble rating task and mean individual rating (see General
discussion). As the pattern is consistent for both types of cor-
relations, we describe them together in this and the following
Experiments. We found strong correlations for original (num-
ber of animate images: Fisher’s z=1.45; Pearson’s r=0.88,
p<0.001; mean individual rating: Fisher’s z=1.44; Pearson’s
r=0.87, p<0.001), grayscale (number of animate images:
Fisher’s z=1.39; Pearson’s r=0.87, p <0.001; mean individ-
ual rating: Fisher’s z=1.37; Pearson’s r=0.87, p <0.001),
and black silhouette images (number of animate images: Fish-
er’s z=1.32; Pearson’s r=0.83, p <0.001; mean individual
rating: Fisher’s z=1.32; Pearson’s r=0.83, p <0.001). The
correlations for texforms were lower but still reliably high
across all participants (number of animate images: Fisher’s
z=0.61; Pearson’s r=0.53, p <0.01; mean individual rating:
Fisher’s z=0.54; Pearson’s r=0.48, p <0.01). These correla-
tions suggest that observers were able to report mean animacy
for all types of images, with decreased performance for tex-
form images. The averaged correlations across observers are
presented in Fig. 3A, with individual correlations available
in supplementary materials (Online Supplementary Materials
(OSM), Figs. 1 and 2).
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Fig.2 The results of the object rating task for Experiment 1A, Experiment 1B, and Experiment 1C. The higher animacy rating value indicates
that observers rated the image as more animate. Error bars depict 95% confidence intervals
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Fig.3 The results for the ensemble rating task for Experiment 1A
and Experiment 1B. Correlations across all observers were estimated
for four types of images. Darker colors indicate a higher number of

Experiment 1B

Since we used a small subset of stimuli and each image was
presented in all four types, we admit the possibility that tex-
forms could be recognized in the object rating task through
other types of the same images. Thus, we conducted Experi-
ment 1B in which only texforms were used as stimuli in both
object and ensemble rating tasks.

Method
Participants

Ten participants (three female, mean age =24.8 years,
SD =4.81) were recruited through the Prolific platform
(www.prolific.ac; Palan & Schitter, 2018; Peer et al., 2017)
and given access to the online experiments using Pavlovia
(https://pavlovia.org). The compensation for participation
amounted to £5 per hour (Experiment 1B — 12 min).

Apparatus, stimuli, procedure, and data analysis

A similar apparatus, stimuli, procedure, and data analysis
were used in Experiment 1B as in Experiment 1A. The
main difference from Experiment 1A was that only tex-
form images were used in both the object rating task and
ensemble rating task. In Experiment 1B, the number of
trials for the ensemble task amounted to 180 (20 trials per
configuration).
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observations that fall within discrete bins. The black line illustrates
the regression model fit

Results
Object rating task

We found that the texform images of animals (M =6.5) were
rated as more animate than the texform images of inani-
mate objects (Fig. 2B; M =3.2; comparison: #(9)=8.831,
p<0.001, BF,;,=2075, Cohen’s d=2.792).

Ensemble rating task

We established significant correlations between observer
ratings in the ensemble rating task and the number of ani-
mate images (Fig. 3B, Fisher’s z=0.65; Pearson’s r=0.55,
p<0.001) as well as between the observer ratings and mean
individual rating (Fisher’s z=0.57; Pearson’s r=0.50,
p <0.001). This suggests that observers were able to extract
mean animacy even without cues from other types of objects.

Experiment 1C

In Experiment 1C, we sought to verify that the results of
Experiments 1A and 1B are based on the processing of a set
of images rather than one random object from the set. The
results of a previous study (Yamanashi Leib et al., 2016)
showed that observers were able not only to report the ani-
macy of one random object but also to integrate information
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about animacy from the set of color images. We had to con-
firm similar effects for texforms. We always manipulated
the animacy of the set by changing the proportion of ani-
mate and inanimate items; thus, the probability of randomly
choosing one animate object from the set correlated with the
number of animate images on display.

We estimated correlations between observer ratings and
the number of animate images as well as between observer
ratings and mean individual rating in the same way as we
computed them in Experiments 1A and 1B. After that, we
compared the strength of these correlations between the con-
ditions where all eight images were presented (the whole
set condition) and those where only a subset of images was
shown (subset conditions). If correlations in subset condi-
tions did not differ from the whole set condition, it would

A

Subsampling of one random
item from the set

Fisher’s z relative to the whole set mean

Number of images on the display

O

1.00

©

~

(6]
1

0.25 A1

Fisher’s z relative to the whole set mean
Number of animate images
o
()]
()
1

0.00 A1

T T T T T

1 2 4 6 8
Number of images on the display

Fig.4 (A) Prediction for one random object sampling from a set:
Fisher’s z values would not increase, even as more information
became available. (B) Prediction for integration of all items in a set:
Fisher’s z values would systematically increase with the number of

indicate the absence of a beneficial effect of the additional
information relevant to the task performance (Fig. 4A).
Hence, we could conclude that observers used the subsam-
pling strategy. However, if the strengths of these correlations
differed across conditions with the highest correlation in the
whole set condition, we could assume that observers extract
animacy by taking into account at least more than one item
(Fig. 4B).

We presented a subset — one, two, four, or six objects ran-
domly chosen from the set — or the whole set of eight objects
and asked observers to report the mean animacy of the display.
For instance, imagine the initial whole set consisted of three
inanimate and five animate objects. In the subset condition,
we randomly hid six items, and only two objects — one ani-
mate and one inanimate — stood visible for observers to report.

B

Integration of all items in the set

Fisher’s z relative to the whole set mean

Number of images on the display

O

1.00 4

0.75 1

Mean individual rating
o
(6]
o
1

o

[N}

o
1

Fisher’s z relative to the whole set mean

0.00 A1

T T T T T

1 2 4 6 8
Number of images on the display

images presented. (C) Fisher’s z for the number of animate images
and (D) Fisher’s z for mean individual rating estimated for the num-
ber of images presented
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Then, we correlated the reported mean animacy with the mean
animacy of the whole set (five animate images). As in previ-
ous experiments, we estimated the correlation between three
measures: observer ratings, the number of animate images, and
mean individual rating. Importantly, the number of animate
images and mean individual rating were calculated as if the
whole set was visible. This method has already been described
in previous studies (Han et al., 2020; Piazza, et al., 2013;
Sweeny et al., 2013, 2014, 2015; Wolfe et al., 2015; Yamanashi
Leib et al., 2014, 2016, 2020), allowed us to simulate various
sampling strategies and estimate their performance.

Method
Participants

Ten participants (four female, mean age =22.2 years,
SD =3.91) were recruited through the Prolific platform
(www.prolific.ac; Palan & Schitter, 2018; Peer et al., 2017)
and given access to the online experiments using Pavlovia
(https://pavlovia.org). The compensation for participation
amounted to £5 per hour (Experiment 1C — 18 min).

Apparatus, stimuli, procedure, and data analysis

A similar apparatus, stimuli, procedure, and data analysis
were used in Experiment 1C as in Experiments 1A and 1B.
The main differences were that we used only texform images
and also presented different subset conditions. We presented
the whole set or only six, four, two, or one random image
from the set to the observers. The number of trials for the
ensemble task amounted to 225 (45 trials per “subset”). The
whole set condition was identical to the texform condition
in Experiment 1A. Also, in Experiment 1C, the number of
animate images and mean individual rating for subset condi-
tions were calculated as if the whole set was visible.

Results
Object rating task

We found that the texform images of animals (M = 6.408)
were rated as more animate than the texform images of inan-
imate objects (Fig. 2C; M =3.3; comparison: #(9)=6.092,
p<0.001, BF;,=172.3, Cohen’s d=1.927). The ratings of
texforms were similar to the data obtained in Experiment 1A
and Experiment 1B.

Ensemble rating task
As in Experiments 1A and 1B, we observed significant cor-

relations for texforms in the whole set condition (number
of animate images: Fisher’s z=0.79; Pearson’s r=0.62,
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p <0.005; mean individual rating: Fisher’s z=0.65; Pear-
son’s r=0.56, p <0.001). Next, we compared correlations
(Fisher’s z) for each subset condition using RM ANOVA
(Fig. 4C and D). We established a linear trend: Fisher’s
z values increased with the number of images on display
(number of animate images: F(4, 36)=6.521, p<0.001,
BF,,=71.3, n2=0.420; mean individual rating: F(4,
36)=4.035, p=0.008, BF,;,=6.42, r]2 =0.310), indicating
that observers used additional relevant information and did
not base their answers on one randomly chosen item.

Discussion

In Experiments 1A, 1B, and 1C, we found strong correla-
tions between observers’ reports and the number of images
of animate objects on the screen. The results for original
images were similar to the results reported in a previous study
by Yamanashi Leib and colleagues (2016). Similarly, high
correlations for black silhouettes and grayscale images sug-
gested that mean animacy estimation was not hindered by the
absence of particular features — textures and colors. Indeed,
we observed moderate correlations for texform images.
According to previous studies, correlations in the ensemble
rating tasks depend on the noise level of the image (Han et al.,
2020) and the inconsistency of observers’ answers (Yama-
nashi Leib et al., 2020). Texform images are noisy; therefore,
it is significantly harder to rate them even in the object rating
task. Thus, it is incorrect to compare texform images and other
types of images in the performance. However, significant and
moderate correlations for texform images allow us to conclude
that observers were able to report the mean animacy of a set.
In Experiment 1B, observers saw only texforms images and
not the original ones; thus, we ruled out any possible identi-
fication of texforms but still found significant correlations. In
Experiment 1C, we tested whether observers used a subsam-
pling strategy. In line with previous studies (e.g., Yamanashi
Leib et al., 2016), correlations were lower in subset condi-
tions than in the whole set condition. Fisher’s z values sys-
tematically increased with the number of images presented,
suggesting that observers were able to integrate information
from all the images on the screen. Thus, our results cannot be
explained by subsampling strategies.

Experiment 2A

In the series of Experiments 2, we used the 2AFC para-
digm (Whitney & Yamanashi Leib, 2018) to confirm that
our results are not specific to one paradigm. 2AFC para-
digm eliminates biases inherent in Likert scales and various
observers’ heuristics that could occur with the rating scales
(Bockenholt, 2017; Huang, 2016). Similarly, to the series
of Experiment 1, each observer first reported the animacy
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of individual objects in the object rating task and after per-
formed the ensemble 2AFC task. In Experiment 2A, we
tested all types of images. In Experiment 2B, we tested only
texforms. In Experiment 2C, we compared texforms with
scrambled images. We asked participants to compare two
sets of images and determine which set had higher mean
animacy. We manipulated the difference in the number of
animate images between sets (from one to six images). In
other aspects, the logic of Experiment 2A was similar to that
of Experiment 1A.

Method
Participants

Ten participants (three female, mean age =26.1 years,
SD =6.03) were recruited through the Prolific platform
(www.prolific.ac; Palan & Schitter, 2018; Peer et al., 2017)
and given access to the online experiments using Pavlovia
(https://pavlovia.org). The compensation for participation
amounted to £5 per hour (Experiment 2A — 45 min).

Apparatus and stimuli

The experiment was developed and presented online via Psy-
choPy v2020.2.10 (Bridges et al., 2020; Peirce et al., 2019).
In Experiment 2A, we used all four types of stimuli images
of animals and inanimate objects: original, grayscale, black
silhouette, texforms (Fig. 1A). The object rating task was
the same as in Experiment 1A and observers participated in
it before the ensemble 2AFC task.

Stimuli were presented on a gray background. The size
of each image was 150 pix (approximately 3.8 degrees if the
viewing distance was 60 cm and PPI was 96). In the 2AFC
task, 16 different images were presented in two spatially
separated sets (sizes of the images and spatial arrangement
of each set were the same as in the ensemble rating task).
One set was located 400 pix (~10.08°) to the left from the
center of the screen, and the second set was located 400 pix
(~10.08°) to the right.

Procedure

In the 2AFC task, the difference in the number of animate
images between the two sets varied from one to six images.
Two sets were presented for 500 ms, followed by 500 ms of
blank screen. After that, observers pressed the left or right
button to report which set had higher mean animacy (Fig. 5).
Feedback was displayed for 1 s after each trial. In Experi-
ment 2A, there were 720 trials in total (30 trials per differ-
ence and type of image).

Data analysis

In the object rating task, the mean rate was estimated sepa-
rately for each type of image. The standard frequentist and
Bayesian t-tests were calculated.

In the 2AFC task, we estimated the percentage of cor-
rect answers for each condition and each difference in the
number of animate images between the two sets. The stand-
ard frequentist and Bayesian t-tests and RM ANOVAs were

PRESS
LEFT OR RIGHT

Fig.5 The time course of a typical trial in Experiments 2A, 2B, and
2C in the two-alternative forced-choice (2AFC) task (A). Participants
had to compare two sets and choose a more animate one by pressing

CORRECT!

1000 ms

the left and right buttons. The sizes depicted here do not correspond
to the real sizes of images in the experiment and serve illustrative
purposes only
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performed. A Bonferroni correction was made for multiple
comparisons in calculating the statistical significance level.

The statistics were calculated using JASP 0.14.0.0 (JASP
Team, 2021) and Pingouin 0.3.11 Python Package (Vallat,
2018).

Results
Object rating task

All types of images of animals were rated as more ani-
mate than the images of inanimate objects (Fig. 6A, image
type F(3, 27)=4.852, p=0.008, nzp =0.350; animacy
F(1, 9)=2357.46, p<0.001, n2p= 0.996; interaction F(3,
27)=143.6, p<0.001, n2p= 0.941; — original: animate
(M =9.94) versus inanimate (M =1.06) — #(9)=149.27,
p<0.001, BF,,>10'2, Cohen’s d=47.203; gray-
scale: animate (M =9.98) versus inanimate (M =1.06)
—1(9)=189.486, p<0.001, BF,,> 10'3, Cohen’s d=59.921;
black silhouette: animate (M =9.65) versus inanimate
(M=1.242) — 1(9)=48.728, p<0.001, BF ,> 10°, Cohen’s
d=15.409; texform: animate (M = 6.79) versus inanimate
(M=3.329) — 1(9)=7.647, p<0.001, BF;,=764, Cohen’s
d=2.418).

2AFC task

We estimated the percentage of correct answers for each
type of image and each difference in the number of ani-
mate images. We found a significant effect of the type of
image (Fig. 7A; F(3,27)=47.613, p<0.001, BF,,> 10°,

A

Experiment 2A

B

112p =0.841). The percentage of correct answers was
lower for texform images (M =0.757) in comparison
with all other types of images (original M =0.882; com-
parison: #(9) = 11.080, p,,,;,, <0.001, BF,;,> 10'%, Cohen’s
d=3.504; grayscale M =0.856; comparison: #(9)=8.804,
Proim <0.001, BF,;,>10%, Cohen’s d=2.784; silhou-
ette M =0.854; comparison: #9)=28.606, p,,;,, <0.001,
BF,,> 107, Cohen’s d =2.722). The effect of the differ-
ence in the number of animate images between the two sets
was significant — the percentage of correct answers was
higher in trials with larger differences between the two sets
(F(5,45)=111.231, p<0.001, BF ;> 10%, 5, =0.925). We
did not find any significant interaction between the two fac-
tors (F(15,135)=1.088, p=0.373, BF;,=0.08, nzp =0.108).

The percentage of correct answers for all types of
images differed from the 50% guessing threshold (original:
#9)>7.446, p<0.001, BF,;,> 638, Cohen’s d > 2.355; gray-
scale: #(9) >4.440, p <0.002, BF,;,>27, Cohen’s d > 1.404;
silhouette: #(9) >5.674, p<0.001, BF,,> 111, Cohen’s
d>1.794; texform: #(9)>4.200, p <0.002, BF,,> 20,
Cohen’s d > 1.328). This suggests that observers were able
to perform the task for all types of images.

Experiment 2B

In this experiment, we tested whether recognizable types
of images (original color, grayscale, and silhouettes) can
provide cues for texform recognition in the 2AFC task. To
eliminate any familiarity effects, we used only texforms

C

Experiment 2B Experiment 2C

all stimuli

=
o

Animacy rating
H (o)} [o¢]

N

inanimate

animate

10

control 10 control
texforms only scrambled vs texform
8
6
Jal i
2

animate inanimate animate inanimate

‘ I original mmm grayscale M silhouette W texform

scrambled

Fig.6 The results for the object rating task for Experiment 2A, Experiment 2B, and Experiment 2C. A higher animacy rating value indicates
that observers rated the image as more animate. Error bars depict 95% confidence intervals
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Fig.7 The results for the two-alternative forced-choice (2AFC) task
for Experiment 2A, Experiment 2B, and Experiment 2C. The lines of
logistic regression fits are used for illustrative purposes. Transparent

in this experiment. We asked participants to compare two
sets of images and determine which set had higher mean
animacy. We manipulated the difference in the number of
animate images between sets (from one to six images). In
other aspects, the logic of Experiment 2B was similar to that
of Experiment 1B.

Method
Participants

Eleven participants (one female, mean age =22.27 years,
SD =5.07) were recruited through the Prolific platform
(www.prolific.ac; Palan & Schitter, 2018; Peer et al., 2017)
and given access to the online experiments using Pavlovia
(https://pavlovia.org). The compensation for participation
amounted to £5 per hour (Experiment 2B — 20 min).

Apparatus, stimuli, procedure, and data analysis

A similar apparatus, stimuli, procedure, and data analysis
were used in Experiment 2B as in Experiment 2A. The
main difference from Experiment 2A was that only tex-
form images were used in both the object rating task and
the 2AFC task. There were 180 trials in Experiment 2B in
the 2AFC task.

Results
Object rating task

We found that the texform images of animals (M =6.55)
were rated as more animate than the texform images of

circles indicate individual observer data per condition. The dashed
transparent line illustrates a 50% guess level. Error bars depict 95%
confidence intervals

objects (M =3.56; comparison: #(10)=8.512, p <0.001,
BF,;,=2970, Cohen’s d=2.566; Fig. 6B).

2AFC task

We found the significant effect of the difference in the
number of animate images between the two sets (Fig. 7B;
F(5,50)=22.831, p<0.001, BF ;5> 10°, n°,=0.695). The
percentage of correct answers for texforms was higher
than 50% in all conditions (#(10)>3.157, p <0.01,
BF;,>5.955, Cohen’s d > 0.952), except for the condition
where the difference between two sets was one animate
image: #(10)=1.386, p=0.196, BF,;,=0.638, Cohen’s
d=0.418).

Experiment 2C

All previous experiments provided evidence that ensemble
animacy could be estimated with mid-level features. The
usage of texforms does not exclude the possibility that not
only mid-level but also low-level features underlie ensem-
ble animacy perception. In Experiment 2C, we compared
texforms that retain both mid-level and low-level features
with scrambled images which had information only about
low-level features (Stojanoski & Cusack, 2014). Scrambled
images are completely unrecognizable (which was supported
by the results of the object rating task of this experiment)
and contain highly distorted information about the shape of
the original image. Thus, they are perfect candidates to test
whether low-level features could underlie ensemble animacy
perception.
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Method
Participants

Ten participants (three female, mean age =24.0 years,
SD =5.85) were recruited through the Prolific platform
(www.prolific.ac; Palan & Schitter, 2018; Peer et al., 2017)
and given access to the online experiments using Pavlovia
(https://pavlovia.org). The compensation for participation
amounted to £5 per hour (Experiment 2C — 30 min).

Apparatus, stimuli, procedure, and data analysis

A similar apparatus, stimuli, procedure, and data analysis
were used in Experiment 2C as in Experiment 2B. The main
difference from Experiment 2C was that a new type of image
— scrambled images — was added and used in both the object
rating task and the 2AFC task. Scrambled images (Fig. 1A)
were created from grayscale images using the diffeomorphic
transformation package for Matlab with 20 steps and a maxi-
mum distortion of 80 (Stojanoski & Cusack, 2014; https://
github.com/rhodricusack/diffeomorph). The final stimuli
set consists of 24 images per category and is available for
open access via the Open Science Framework (https://osf.io/
7s5e2/). There were 360 trials (180 for each type of image)
in Experiment 2C in the 2AFC task.

Results
Object rating task

We didn’t find a significant effect of the type of image
(F(1, 9)=2.278, p=0.165, n2p=0.202), but we found a
significant effect of animacy (F(1, 9)=18.089, p=0.002,
n2p=0.668) and interaction between animacy and the type
of the image (F(1, 9)=20.375, p=0.001, n2p=0.694). The
texform images of animals (M = 6.03) were rated as more
animate than the texform images of objects (M =4.104;
comparison: #(9)=4.667, p<0.001, BF,,=35.76, Cohen’s
d=1.476). However, ratings for the scrambled images of
animals (M =4.36) and the scrambled images of objects
(M =4.49) did not differ from each other (#(9)=0.831,
p=0.428, BF;,=0.411, Cohen’s d=0.263; Fig. 6C).

2AFC task

We found a significant effect of the type of image. The
percentage of correct answers was higher for texform
images (M =0.596) in comparison with scrambled images
(M=0.504; Fig. 7C; comparison: F(1,9)=19.189, p=0.002,
BF,;,>10°, n2p=0.681). The effect of the difference in
the number of animate images between the two sets was
not significant (F(5,45)=2.221, p=0.069, BF;,=0.514,
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nzp =0.198). The interaction between two factors was signifi-
cant (F(15,135)=3.062, p=0.018, BF;,=1.4, 172p =0.254).

The percentage of correct answers for scrambled images
did not differ from the 50% guessing threshold (#(9) < 1.766,
p=>0.111, BF;,<0.978, Cohen’s d <0.559). The percentage
of correct answers for texform images was higher than 50%
(1(9)22.685, p<0.025, BF,23.002, Cohen’s d >0.849),
except for the differences of one image between two sets
- 1(9)=0.647, p=0.534, BF;,=0.369, Cohen’s d=0.205).
Thus, we discovered that observers were unable to report
mean animacy based only on low-level features.

Discussion

In Experiments 2A, 2B, and 2C, we showed, using the 2AFC
paradigm, that observers could determine which of the two
sets had higher animacy. In general, the percentage of cor-
rect answers for texforms images was lower compared to
original color, grayscale, and silhouette images. The pat-
tern observed for texforms images was the same as for
other types of images: the percentage of correct answers
systematically increased with the rise of the difference in the
number of animate images between two sets. Importantly,
observers were relatively precise in discriminating between
two sets of texform images. We did not find any effect for
scrambled images; thus, our results cannot be explained by
simple differences in low-level features between animate and
inanimate images.

General discussion

In line with previous studies (Yamanashi Leib et al., 2016),
we demonstrated that observers could extract the mean ani-
macy from a set. Crucially, we showed that mean animacy
judgments could be made without complete access to high-
level information; observers can distinguish between more
and less animated sets of texforms, even though this type
of image preserves information only about low- and mid-
level features. Furthermore, in two different experimental
paradigms, we showed that subsampling strategies fail to
explain our results and demonstrated that low-level features
themselves are unable to support precise animacy judg-
ments. Ensemble animacy perception is based on mid-level
features, similar to object animacy perception (e.g., Long
et al., 2017, 2018). Taken together, these findings suggest
that our visual system can compress complex abstract infor-
mation (e.g., animacy) from several objects to overcome
limitations (Cowan, 2001; Luck & Vogel, 1997; Mack &
Rock, 1998; Miller, 1956; Pylyshyn & Storm, 1988; Simons
& Chabris, 1999).
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It is important to note that performance for texform
images was lower in ensemble tasks than performance for
other types of images (except scrambled images). However,
the same decrease could be seen in object rating tasks as
well. Being highly noisy, texform images are hard to com-
pare with other types of images. Nevertheless, information
left in the texform images was enough for observers to report
animacy.

A general explanation of how we compute summary
statistics frequently involves pooling models: information
about visual features is pooled from the lower areas of the
visual cortex, “mixed up”, and averaged in the higher areas
(Balas et al., 2009; Haberman & Whitney, 2011; Parkes
et al., 2001; Robinson & Brady, 2023; Rosenholtz et al.,
2012; Utochkin et al., 2024; Whitney & Yamanashi Leib,
2018). However, some studies (Whitney & Yamanashi
Leib, 2018; Yamanashi Leib et al., 2016) suggested that
pooling models are insufficient to explain such high-level
ensemble properties as mean animacy, assuming a unique
mechanism behind this process. However, in light of our
findings, we argue that animacy ensemble perception
could be based on mid-level features extraction and could
use the same mechanism as other types of low- or mid-
level features, such as orientations or textures. Visual fea-
tures associated with animacy could be pooled from lower
visual regions to the higher visual areas (e.g., occipitotem-
poral cortex, which is associated with animacy processing
(Konkle & Caramazza, 2013; Long et al., 2018) where ani-
macy judgments based on the population response could
be made.

The visual features related to animacy are still under dis-
cussion. In our study, we rather arbitrarily use mid-level
feature terminology, because the goal of the study was not
to find the exact features underlying the ensemble animacy
perception, but rather to demonstrate that basic recognition
is not required for this. However, from our results and previ-
ous studies we could hypothesize what features are impor-
tant in animacy judgments. Curvature is one of the mid-
level features, mainly discussed in the literature as being
associated with object animacy (Levin et al., 2001; Long
et al., 2017, 2018; Schmidt et al., 2017; Zachariou et al.,
2018): the shape of inanimate objects varies from boxy
to curvy, while the shape of animals tends to be curvier.
A recent study argues that observers could make animacy
judgments about objects based only on curvature (Zacha-
riou et al., 2018). Ensemble summary statistics studies
demonstrated that observers could extract the mean shape,
which could vary from very boxy to very curvy (Robinson
& Brady, 2023), as well as mean texture (Koenderink et al.,
2004) or other types of shape information (Khayat et al.,
2021; Sweeny et al., 2021). Thus, curvature is a feature that
may be strongly related to the object and ensemble animacy
perception. Texforms images preserve curvature statistics,

confirming the hypothesis that curvature is an important
feature. Our results for black silhouettes also could confirm
this hypothesis, because the performance for them was on
the same level as for original or grayscale images. However,
they could be easily recognized and it is impossible in this
case to disentangle the contribution of curvature and famili-
arity. Additional studies are required to explore the origin
features behind animacy perception of both single objects
and ensembles.

Our results demonstrate that mid-level features alone can
be used to predict the mean animacy of a set. We could
speculate whether other complex features of the set — for
example, face properties or economic value (Haberman &
Whitney, 2007, 2009; Han et al., 2020; Yamanashi Leib
et al., 2020) — could be explained by mid-level features. For
example, research has shown that face processing could be
based only on low-level visual features (Becker et al., 2011;
Coelho et al., 2010; Purcell & Stewart, 2010). Moreover,
observers can extract mean face properties from a set of
inverted faces (Elias et al., 2017; Haberman & Whitney,
2009; Sweeny & Whitney, 2014), which have the same low-
level features as upright faces but are processed less “holisti-
cally” (Farah et al., 1995; Farah et al., 1998; but see Richler
et al., 2011). This could indicate that holistic or high-level
processing is not required for mean estimation, suggesting
that these judgments could be based on low or mid-level
features. A recent study by Han and colleagues (2020) dem-
onstrates that mean emotional valence can be estimated for
Mooney faces which cannot be recognized by separate fea-
tures. These results leave open the question of whether the
processing of several faces could be based purely on the
low- or mid-level features. We also do not rule out the pos-
sibility that high-level information could contribute to the
statistical decisions about abstract dimensions; however, the
exact contribution of different types of features should be
examined in future studies.

The visual environment contains a lot of regularities and
correlations, and our very limited visual system smartly
detects and uses them, creating rich and continuous per-
cepts (Alvarez, 2011; Cohen et al., 2016). To understand
the nature of visual processing, all levels of the visual hierar-
chy must be investigated. Our results suggest that the visual
system can extract summary statistics about the abstract
dimension from a set, bypassing the high-level processing
of individual objects.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.3758/s13414-024-02976-6.
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