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Accounts of working memory based on independent item representations may overlook a possible contribution of
ensemble statistics, higher-order regularities of a scene such as the mean or variance of a visual attribute. Here
we used change detection tasks to investigate the hypothesis that observers store ensemble statistics in working
memory and use them to detect changes in the visual environment. We controlled changes to the ensemble mean
or variance between memory and test displays across six experiments. We made specific predictions of observers’
sensitivity using an optimal summation model that integrates evidence across separate items but does not detect
changes in ensemble statistics. We found strong evidence that observers outperformed this model, but only when
task difficulty was high, and only for changes in stimulus variance. Under these conditions, we estimated that the
variance of items contributed to change detection sensitivity more strongly than any individual item in this case.
In contrast, however, we found strong evidence against the hypothesis that the average feature value is stored in
working memory: when the mean of memoranda changed, sensitivity did not differ from the optimal summation
model, which was blind to the ensemble mean, in five out of six experiments. Our results reveal that change
detection is primarily limited by uncertainty in the memory of individual features, but that memory for the
variance of items can facilitate detection under a limited set of conditions that involve relatively high working

memory demands.

1. Introduction

Within a second of viewing a scene, humans’ ability to remember the
precise details of objects is severely limited. Factors that constrain visual
working memory have been studied across a large number of paradigms
over several decades. While much of this research has focused on the
nature of storage for individual items or features (Baddeley, 2012; Ma,
Husain, & Bays, 2014) other studies have investigated whether working
memory stores visual summary or ensemble statistics in addition to the
features themselves (Brady & Alvarez, 2011, 2015a; Brady, Konkle, &
Alvarez, 2009; Brady & Tenenbaum, 2013; Corbett, 2017; Nassar,
Helmers, & Frank, 2018; Orhan & Jacobs, 2013). Ensemble statistics
include, for example, the mean (average) or the variance (spread) of a
set of colours. The hypothesis that humans hold such statistics in
working memory may suggest the capacity of working memory has been
systematically underestimated in many previous studies (Cohen, Den-
nett, & Kanwisher, 2016).

The notion that ensemble statistics contribute to recall is primarily
supported by evidence from experiments in which participants are cued

to reproduce remembered features from a continuum of features
(Wilken & Ma, 2004). In one such experiment, Brady and Alvarez
(2015a) investigated whether memory performance is influenced by the
context in which memoranda appear. They had observers remember
one, three or six coloured items, and then reproduce the colour of each
item in order of a random spatial cue. Recalled colours were reported by
clicking a colour wheel. Importantly, Brady and Alvarez presented the
same memory displays to hundreds of participants, allowing them to
estimate a distribution of recall errors for each item for each combina-
tion of memoranda. They found that, for a given set size, recall errors
depended on the context of items, and, within a context, the specific
colour value of each memorandum. Some of these effects could be
accounted for by a model in which the mean and variance of a set of
colours influences the memory of each individual colour in that set.
More recently, Utochkin and Brady (2020) used a similar repro-
duction task to investigate memory of orientation, while manipulating
the range covered by the orientations in each memory array. They found
that variability in recall of an individual item was lower when the pre-
sented orientations spanned a narrower range, and that estimates were
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on average biased towards the mean of the presented orientations. The
authors of these studies concluded that storage of ensemble information,
specifically the mean and variance of memoranda, facilitates short-term
memory for individual items.

While results like these clearly indicate that responses on cued recall
tasks reflect more than just memory for the cued item, they do not
convincingly demonstrate that ensemble statistics such as mean or
variance are stored in memory. This is because the observations in these
studies do not discriminate influences of an ensemble statistic encoded
into memory during stimulus presentation from combined influences of
the individual feature representations, or influences of the same
ensemble statistic extracted from the individual memories. For example,
a bias in the direction of the mean orientation in a sample array could be
due to the summation of individual biases towards each of the non-
target orientations in memory, or reflect a bias towards the mean of
the individual memory representations. In the first case, the ensemble
statistic would not directly contribute to the bias, in the second it would
be the source of bias but not have an independent representation in
memory. Direct experimental evidence supporting the storage of
ensemble statistics is therefore lacking.

In the present study, we used a change detection task to investigate
the influence of ensemble statistics on visual working memory by
explicitly controlling which statistics could be used to detect a change
across stimulus displays. Across multiple experiments we measured
change detection sensitivity for colours and orientations, with multiple
set sizes and task difficulties. To assess any possible contribution of
ensemble statistics, we compared observers’ sensitivity with a predic-
tion of the behaviour expected if participants were blind to ensemble
statistics and instead optimally combined information across individual
items.

Observers viewed two displays of coloured disks (Experiments 1-5)
or oriented Gabors (Experiment 6), separated by an inter-stimulus in-
terval of one second. The observers’ task was to report whether the items
in the second (test) display were the same as, or different from, the first
(memory) display. Correct performance on this task required comparing
the test display to information held in memory from the first display. On
change trials (50% of all trials), test stimuli were generated by shifting
the feature value (colour or orientation) of every item in the memory
display through a fixed distance in feature space. Importantly, the
changes were chosen in such a way as to explicitly control changes in
ensemble statistics across displays: in each experiment, we changed the
mean of the displayed items, or the variance, or both, and measured
observers’ sensitivity to detect the changes (d’) as a function of these
manipulations.

2. Materials and methods
2.1. Participants

120 volunteers completed all trials of at least one of the six experi-
ments (20 participants per experiment; see below). All had normal
colour vision and normal or corrected-to-normal visual acuity. The study
was approved by the University of Cambridge Psychology Research
Ethics Committee and the University of Queensland Medicine, Low &
Negligible Risk Ethics Sub-Committee, and all observers gave written
informed consent. Nine participants did not complete the experiment for
one of the following reasons: they opted to discontinue the experiment
halfway through (two participants), they had consistently poor fixation
stability (four participants), we were unable to obtain a stable threshold
estimate in the pre-experiment procedure after two runs (two partici-
pants), or they had a negative d’ in the one-item condition (one
participant). Three volunteers failed an Ishihara colour vision test and
did not participate in the change detection experiments. Data were only
analysed for participants who completed all trials. We determined
sample size using Bayesian statistics and an optional stopping rule in
which we collected data until evidence for main comparisons reached
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BF1p > 10 (strong evidence for a difference) or BFy; > 4 (moderate
evidence for no difference). For each experiment, we first tested 10
participants before analysing data, then tested additional participants
until either our stopping criteria were met or we reached 20 partici-
pants, for pragmatic reasons.

2.2. General methods

2.2.1. Experimental setup

Participants sat with their head in a forehead and chin rest positioned
57 cm from a calibrated ASUS LCD monitor (1920 x 1200 pixels within
an area of 44.8 cm x 28 cm). Fixation position was measured online with
an Eyelink 1000 eye tracker (SR Research; 500 Hz). Stimulus presen-
tation was programmed with the Psychophysics Toolbox Version 3
(Brainard, 1997; Pelli, 1997) and Eyelink Toolbox (Cornelissen, Peters,
& Palmer, 2002) in MATLAB (MathWorks).

2.2.2. Stimuli

Stimuli were coloured disks (4.7° of visual angle in diameter) centred
on an imaginary circle (radius 7°) on a uniform grey background (22 cd/
m?). The positions of memoranda were randomized from trial to trial
with the constraint that neighbouring disk centres were always sepa-
rated by 90° of arc relative to fixation. The positions of items in the
second display were the same as those in the first display. A white spot
(0.2° diameter) with a superimposed black crosshair (1-pixel stroke
width) was displayed at the centre of the display throughout stimulus
presentation. Colours in the memory display were randomly selected
from a circle in CIELAB colour space centred at a = 0, b = 0, with a
radius of 40 and fixed luminance L = 74 (42.5 cd/m?; calibrated with a
Minolta Chroma Meter CS-100). In the following, we express changes of
colour in terms of angles of this circle. As in Brady and Alvarez (2015a),
the differences between stimuli in a single display were uniformly
distributed in the range + 180° for coloured stimuli (Experiments 1-5),
and + 90° for oriented stimuli (Experiment 6).

2.2.3. Procedure

A typical trial sequence is shown in Fig. 1. At the start of each trial an
observer had to maintain fixation within 2° of the central fixation point
for 500 ms in order for the trial to proceed. If gaze position remained
outside of this region for more than 2 s, then a re-calibration procedure
was run. After correctly fixating, the memory display was presented for
200 ms (Experiment 1) or 400 ms (Experiments 2-6), followed by a
blank interval of one second, and then the test display for the same
duration as the memory display. After a 250 ms blank interval, text
appeared on the screen instructing observers to press one key if they had
detected any colour change, and another key if they had not. If a break in
fixation was detected prior to the response screen, a warning message
was shown for two seconds, and the trial restarted with the same set of
colours (Experiment 1) or new randomly chosen colours (Experiment
2-5) or orientations (Experiment 6).

2.3. Experiment 1

There were 496 trials in Experiment 1, all with two items in the
memory display. A single item was presented in the test display in 96
trials, of which 48 were change trials. In the remaining 400 trials, two
test items were presented, 200 of which were change trials, including
100 trials in which the mean changed and 100 trials in which the
variance changed.

We changed the mean, while keeping variance constant, by rotating
both colours through the circular colour space by a fixed angle in the
same direction (CW or CCW). We changed the variance, while keeping
the mean constant, by rotating the colours in opposite directions. These
changes are depicted in Fig. 2. Trials were balanced to include equal
proportions of trials in which the variance increased versus decreased.
For change trials in which there were multiple items in the study display
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Fig. 1. Design of experiments. Observers reported whether there was a change in two (A) or four (B & C) display items. On change trials, individual colours were
chosen to keep the mean the same, while changing the variance (variance-change condition), vice versa (mean-change condition), or both (variance-and-mean-
change condition). As shown by the arrows, in each experiment we included a one-item condition to quantify sensitivity to change without the availability of

ensemble statistics in the test display. No change occurred in 50% of all trials.
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Fig. 2. Schematic of directional changes for each trial type. Observers saw two
items in Experiments 1 and 2, and four items in Experiments 3-6. These change
directions ensured that the mean was held constant in the variance-change
conditions, whereas the variance was held constant in the mean-change con-
ditions. Note that, in Experiment 4, we included a condition in which the
variance and mean both changed in place of the variance-change condition
shown here (see 2.6 Experiment 4 for details). In Experiment 6, the magnitude of
change in all items in the variance-change condition was the same as in the
mean-change condition.

but only a single test item was displayed, one disk in the study display
was chosen at random and its colour was rotated CW or CCW with equal
probability. In all cases, the magnitude of change was fixed, and indi-
vidually determined for each participant by a thresholding procedure
conducted before the main task (see 2.9 Threshold task below). Partici-
pants completed all trials in a single testing session lasting approxi-
mately 90 min. As with all following experiments, trial type (change and
no-change) and conditions (variance-change, mean-change and one-
item change) were intermixed.

2.3.1. Analyses

We calculated sensitivity to changes as d' = z(H) — z(F) where H and
F are the frequency of hits (correct report of a change on a change trial)
and false alarms (incorrect report of a change on a no-change trial),
respectively. Using signal detection theory, we can make a prediction of
the performance in the two-item (mean- or variance-change) conditions
we would expect in the absence of ensemble statistics, based on per-
formance in the one-item condition. Assuming optimal summation of
evidence from n independent items, the sensitivity to a change is given
by:

d;oml = ‘ iJzz (1)
i=1

where d;” is sensitivity to a change in the ith item. Therefore, the pre-

dicted sensitivity for mean- and variance-change trials is v/2 times the
sensitivity on single item trials. This formulation is based on the notion

that total evidence of a change is represented by a single point in multi-
dimensional space, where each of n-orthogonal axes represents evidence
of change in each of n-items. The distance of this point from the origin is
> calculated using the Pythagorean Theorem as shown in eq. 1, and
as described in detail by Macmillan and Creelman (2004). Note thatd,
corresponds to sensitivity of an optimal observer who is blind to
ensemble statistics. Observers’ empirical d’ must therefore exceed this
prediction in order to constitute evidence of an influence of ensemble
statistics on change detection performance.

Note that eq. 1 is not intended to predict changes in working memory
precision under different working memory demands. Instead, working
memory load was matched across the one-item and two-item conditions,
because the study displays always included two items, and observers had
to encode both in order to detect a change in the subsequent display,
whether it was a one-item test display or a two-item test display. By
computing sensitivity in the one-item condition, therefore, we quanti-
fied observers’ ability to detect change in a single item, after having
encoded two items in memory. Eq. 1 predicts sensitivity to a change in
multiple items under the same working memory demands.

All inferential statistics were Bayesian paired samples t-tests calcu-
lated using JASP software (JASP Team). We used the default Cauchy
prior of 0.707 and all results were robust to standard alternate prior
widths. We report Bayes factors in a format depending on which model
had the most support, with BFy; indicating evidence supporting the null
hypothesis (the optimal summation model), and BF;q indicating evi-
dence supporting the alternative hypothesis (that observers use
ensemble statistics). To assess total evidence for a given hypothesis
across multiple experiments, we computed meta-analytic Bayes factors
following the methods described by (Rouder & Morey, 2011) using the
Bayes Factor package in R (Morey, 2018).

2.4. Experiment 2

Experiment 2 was identical to Experiment 1 except we increased the
difficulty of the task by halving the magnitude of change (see 2.9
Threshold task below). In Experiment 2, there were 600 trials: 200 trials
in which a single test item was presented, 100 of which were change
trials; and 400 trials in which two test items were presented (100 change
trials in which the mean changed and 100 trials in which the variance
changed).

2.5. Experiment 3

Experiment 3 was identical to Experiment 1 except that there were
four colours in the memory display which required a different manip-
ulation of change directions (see Fig. 2). On mean-change trials, we
rotated all four colours through the same angle in the same direction
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(CW or CCW), as in Experiment 1. On variance-change trials, one pair of
items (randomly selected) was shifted CW and the other pair shifted
CCW. Within each pair the change of one item was twice that of the
change of the other item. The result was a change in the variance of the
whole set of colours, as well as the variance of every subset of two or
more colours, with no change to the mean of the set. To equate difficulty
between mean-change and variance-change trials, we used signal
detection theory to choose the magnitude of changes. Using Eq. 1, the
sensitivity on mean-change trials for 4 items is expected to be twice the
sensitivity on one-item trials. To match this sensitivity in the variance-
change trials we set the smaller changes to /2/5 of the change on
one-item trials, and the larger changes to twice this value. Note that,
despite using a colour space (CIELAB) intended to be perceptually uni-
form, our method of equating sensitivities across conditions can only be
approximate. We assume, however, that any nonlinearities and indi-
vidual differences in perceptual sensitivity will average out across trials
and participants, and we note that in the majority of experiments, ob-
servers’ sensitivities are indeed similar across conditions. In Experiment
3, there were 200 trials in which a single test item was presented, 100 of
which were change trials (600 trials total for the experiment). Of the
remaining 400 trials, four items were presented, 200 of which were
change trials.

2.6. Experiment 4

Experiment 4 was identical to Experiment 3, except that we included
a condition in which both the mean and the variance changed in place of
the variance-change condition. This was achieved by shifting one pair of
items (randomly selected) through a large change in the same direction,
and the other pair of items through a smaller change in the opposite
direction. The change magnitudes were the same as in the variance-
change trials in Experiment 3, equating difficulty with mean-change
trials.

2.7. Experiment 5

Experiment 5 was identical to Experiment 3 in which we indepen-
dently manipulated whether the mean or variance changed on change
trials, except that we increased the difficulty of the task by halving the
magnitude of change (see 2.9 Threshold task below).
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2.8. Experiment 6

In Experiment 6, observers’ task was to detect a change in orientation
of four Gabors. Gabors were sine-wave gratings (1 cycle/degree of visual
angle) of maximum contrast in a Gaussian envelope (s.d. = 0.5 degrees).
The size of the envelope was chosen to approximate the size of the
coloured disks in previous experiments. Stimuli were presented on a 22-
in. LED monitor (1080 x 1920 pixels; 60 Hz refresh), with an assumed
gamma of 2 (mean luminance = 59 cd/mz). All other details were the
same as Experiment 5 with the following exception. In the variance-
change condition, the orientations of one pair of Gabors, chosen at
random, rotated CW, while the other pair rotated CCW, all with the same
magnitude. This produced two minor differences from the previous four-
item experiments. First, the magnitudes of change in variance-change
and mean-change conditions were equal. Second, while the variance
of the whole set changed on variance-change trials, the variance across
pairs of items rotating in the same direction did not. In mean-change
trials, all four changes were equal, as per the previous experiments.

2.9. Threshold task

Prior to each experiment, each participant completed a change
localization task in which we determined a change magnitude that
would approximately equate task difficulty across observers (Fig. 3). For
Experiments 1-5 we determined observers’ colour change threshold,
and in Experiment 6 we determined their orientation change threshold.
The details of this experiment were identical to those described above
except for the following differences. On every trial the number of test
items matched the number of memory items, and one item (selected at
random) changed colour (Experiments 1-5) or orientation (Experiment
6). There was a 250 ms delay following the offset of the test display, after
which white circles outlined the stimulus positions. The observer moved
the mouse cursor and clicked on which disk they thought had changed.
The magnitude of change was controlled by an adaptive procedure,
QUEST (Watson & Pelli, 1983). For the colour experiments (Experiments
1-5), two threshold runs of 40 trials each were interleaved with different
starting estimates of #/6 and z/3 radians. For the orientation experiment
(Experiment 6), starting estimates of the interleaved staircases were 45
and 20 degrees. Data from both staircases were collated and fit with a
Weibull function (Experiment 1) or a cumulative Gaussian (Experiment
2-6) to find the change threshold, defined as the midpoint of the func-
tion. In Experiments 1, 3, and 4, each observer’s threshold was then used

B 1.0~ . o
§0.8—
o)
20.6— Number of trials
k) - 1
5 04 -2
2 o 4
5 0.2 ® 8
@ 16
oL ..
L | | | | | |
0 20 40 60 80 100 120

colour change (degrees)

Fig. 3. Threshold task design and example results. A) An example sequence from Experiments 1 and 2. Observers’ task was to report which of the two items changed
across displays by clicking within the circle surrounding the changed item location. The magnitude of change was adjusted throughout the task according to an
adaptive staircase. B) Example data from a single participant in Experiment 1. We fit a psychometric function to the resulting performance data as a function of the
magnitude of change. We then used the threshold (midpoint) of this function to set the magnitude of change in the main experiments. In Experiments 1, 3 and 4,
change magnitude was set to each observer’s threshold, whereas change magnitude in Experiments 2, 5 and 6 was set to half of each observer’s threshold.
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as the change magnitude in the subsequent change detection experi-
ment. In Experiments 2, 5 and 6, we set the change magnitude to half
threshold. Note that the psychometric fits were used only to approxi-
mately equate task difficulty in the main experiments across partici-
pants, rather than matching theoretical predictions of a particular
observer model for this task.

3. Results

In each of six experiments, 20 observers completed a change detec-
tion task in which they reported whether or not there was a change in
the colour (Experiments 1-5) or orientation (Experiment 6) of items
between two displays separated by a one second interval (Fig. 1). There
were two (Experiments 1 and 2) or four (Experiments 3-6) memoranda
in the first display, and a change occurred on 50% of all trials in the
subsequent probe display. As described in the Methods, we generally
report Bayes factors in a format depending on which model had the most
support, with BFy; indicating evidence supporting the predictions of the
optimal summation model, and BF; indicating evidence that observers
additionally use ensemble statistics to detect changes across displays.

Across all experiments, performance in the “one-item change” con-
dition, in which ensemble statistics could not be compared across dis-
plays, was worse than when multiple items were present (all BF1o > 1.5
x 10%, except for Experiment 2 in which BFyo = 5.33). Such a difference
in performance is expected regardless of the use of ensemble statistics
because more information is available in multi-item conditions than in
the one-item condition (Macmillan & Creelman, 2004).

The critical test of whether ensemble statistics make an independent
contribution to change detection is if observers’ sensitivity to a change
in multiple items is greater than would be expected were evidence to be
summated over individual items. For example, an observer who
remembered the mean colour in the memory display in addition to the
individual colours would have an advantage in detection on trials where
the mean colour was different in the test display. We therefore compared
observers’ sensitivity with the prediction of an optimal summation
model that does not incorporate information about ensemble statistics.
The sensitivity of this model is shown in all results figure panels as a
dashed line.

3.1. Experiments 1 and 2: Two-item colour memory

We first tested whether ensemble statistics influence change detec-
tion for two coloured items. In Experiment 1, the change magnitude was
set to each observer’s pre-determined threshold, whereas in Experiment
2 the magnitude was set to 50% of that threshold (see 2.9 Threshold
task). Results are shown in Fig. 4. We found evidence contrary to the
notion that observers make use of the mean colour to detect a change in
displays: sensitivity in a condition in which the mean changed across
displays (orange data points) did not differ from the prediction of the
optimal summation model in either experiment (evidence in favour of
equal sensitivity, BFg, for Experiment 1 = 3.80; Experiment 2 = 3.96).
The optimal summation model, blind to ensemble statistics, therefore
accurately predicted performance in the mean-change condition, with a
meta-analytic Bayes factor of 8.07, constituting moderate evidence for
this model over an observer that used the stimulus mean.

In the variance-change condition of Experiment 1 (blue data point),
we found evidence neither for nor against a difference in sensitivity from
the optimal summation prediction (BFjp = 1.03; i.e. the alternative
model is only 1.03 times more likely than the null model). In Experiment
2 we found evidence against such a difference (BFy; = 3.08). Across
experiments, the combined evidence was equivocal (meta-analytic
Bayes factor = 1.41).

3.2. Experiments 3-5: Four-item colour memory

We investigated whether ensemble statistics are stored in short-term
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Fig. 4. Results from Experiments 1 and 2. In both experiments, two coloured
memoranda were displayed on the first display. In Experiment 1, change
magnitude was set to observers’ threshold, and in Experiment 2 change
magnitude was set to 50% of threshold (see 2.9 Threshold task). Data points are
mean sensitivity for conditions shown in the legend. Error bars indicate +1 SE.
The ‘+’ symbol indicates a BFy; > 3 (moderate evidence for observers’ per-
formance matching the optimal summation prediction).

memory under greater memory demands by increasing the number of
memoranda to four items. Experiment 3 was in all other ways similar to
the preceding experiments. In Experiment 4, in addition to the mean-
change condition, we introduced a condition in which we changed the
mean and the variance of items in change trials. In both Experiment 3
and 4, change magnitude matched threshold. Experiment 5 included the
same mean-change and variance-change conditions as Experiment 3, but
change magnitude was 50% of threshold.

We again found evidence contrary to the notion that observers make
use of the mean colour to detect a change in displays (Fig. 5). Sensitivity
in the mean-change condition across displays (orange data points) did
not differ from the prediction of the optimal summation model in any
experiment (evidence in favour of equal sensitivity, BFy;, for Experiment
3 =4.2; Experiment 4 = 2.8; Experiment 5 = 3.55). The combined meta-
analytic Bayes factor in favour of the optimal summation predictions
was 9.8, constituting strong evidence in support of the optimal sum-
mation model across experiments.

In Experiments 3 and 4, in which change magnitude matched ob-
servers’ threshold, there was evidence for the optimal summation model
in the variance-change condition in Experiment 3 (BFy; = 2.9) and in the
mean-and-variance-change condition in Experiment 4 (BFy; = 2.6). In
Experiment 5, in which change magnitude was set to 50% of threshold,
however, there was strong evidence that observers outperformed the
optimal summation model in the variance-change condition (BFjp =
28.06).

3.3. Summary of colour experiments

We conducted five experiments in which observers were required to
store in memory two (Experiments 1 and 2) or four (Experiments 3-5)
items presented in a study display and then report whether those colours
changed in a subsequent test display. In change trials, the mean colour,
the colour variance, or both, were changed. We found no evidence that
observers stored in memory the mean of colours, regardless of the
number of memoranda or the colour change magnitude. Indeed, in all
experiments we found evidence that detection performance in the mean-
change condition was predicted by an optimal summation model blind
to ensemble statistics. Importantly, we found strong evidence that ob-
servers’ sensitivity exceeded the optimal summation prediction in the
variance-change condition of Experiment 5. This result reveals observers
did indeed store the variance of colours in working memory and used it
to detect change, but not when there were only two memoranda (Ex-
periments 1 and 2), nor when the change magnitude was relatively high
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Experiment 3
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Fig. 5. Results from Experiment 3-5. In all experiments, four coloured memoranda were displayed on the first display. In Experiments 3 and 4, change magnitude
was observers’ threshold, and in Experiment 5 change magnitude was 50% of threshold. Data points are mean sensitivity for conditions shown in the legend. Error
bars indicate +1 SE. The ‘+’ symbol indicates a BFy; > 3 (moderate evidence for observers’ performance matching the optimal summation prediction). The ‘** symbol
indicates a BF1o > 10 (strong evidence that observers outperformed the optimal summation model).

(Experiments 3 and 4).
3.4. Experiment 6: Four-item orientation memory

In Experiment 6, we investigated short-term memory of oriented
items, and tested whether the mean orientation or the orientation
variance contributes to change-detection performance. As in Experiment
5, in which we found strong evidence of an influence of the colour
variance, we set the magnitude of change to half of each observer’s
threshold. We again found strong evidence that observers’ detection
performance in the variance-change condition was greater than that
predicted by the optimal summation model (BF;¢ = 10.7; Fig. 6). The
result of the variance-change condition of Experiment 6 thus replicates
that of Experiment 5, but for oriented memoranda instead of coloured
memoranda. Unlike with coloured memoranda, however, we also found
weak evidence that detection performance in the mean-change condi-
tion exceeded the optimal summation model (BF;o = 2.8).

3.5. Quantifying the contribution of ensemble statistics to change
detection sensitivity

In Experiments 5 and 6 we found strong evidence that observers use
the variance to detect changes across displays. We can estimate sensi-
tivity to a change in the variance of items using the same evidence
summation principle as Eq. 1:

Experiment 6
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Fig. 6. Results from Experiment 6. Four oriented Gabors were shown on the
first display, and change magnitude was set to half threshold. Symbols are as
described in Fig. 5.
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where d.; is observers’ sensitivity to a change in the ensemble statistic.

Because we determined d, from the one-item condition and d,

o from the

multi-item conditions, we can calculate d,
follows:

d’enx = d;oml2 - Z d;2 (3)
V i=1

Finally, we calculate we,, the proportional weighting of the
ensemble statistic relative to the other items:

by re-arranging eq. 2 as

2 ;2
Wens = aJen.\- /dmml “)

Note that the denominator normalises the weights such they sum to
one, and, by using the square of the sensitivities, we are weighting by
inverse variance according to optimal observer principles. In Experi-
ment 5, the proportional weight given to memory for colour variance
versus memory for all the individual colours combined is 0.4: 0.6, and in
Experiment 6 the proportional weight for orientation variance versus
individual orientations is 0.45: 0.55. These results reveal that observers
in these two experiments gave almost the same weight to changes in the
ensemble statistic as they did to changes in all other items combined.

3.6. Exploratory analyses

We next addressed the possibility that ensemble statistics are used
differently under different display configurations, such as when
memoranda are similar or different in colour. We tested change sensi-
tivity when memoranda are high or low in variability (e.g. Utochkin &
Brady, 2020) by splitting data from each condition of each experiment.
For Experiments 1 and 2, in which there were two memoranda, we
separated trials according to whether the difference between colours in
the memory display was less than or greater than z/2 radians (90°). For
Experiments 3-6, in which there were four memoranda, each observer’s
trials were separated according to a median split, i.e. each trial was
sorted according to whether the circular standard deviation of items on
that trial was lower or higher than the median circular standard devi-
ation across all trials.

The results of these exploratory analyses are shown in Table 1, and in
Fig. 7 alongside the main analyses. In general, they are highly consistent
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Table 1
Bayes factors for exploratory analyses, expressed as BFg; (evidence against observers outperforming the optimal summation prediction).
Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6
Low variability Mean-change 4.26 3.72 4.17 2.30 4.13 0.37
Variance-change 2.97 2.70 4.28 1.50 0.15 0.12
High variability Mean-change 2.78 4.28 3.80 4.00 3.35 1.48
Variance-change 1.39 3.93 1.01 4.24 0.44 0.75
4 Mean-change 4 Mean-change
I Low var. trials
I High var. trials
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Fig. 7. Summary of all results. Log Bayes factors are expressed such that positive values indicate evidence for the optimal summation model blind to ensemble
statistics, and negative values indicate evidence for sensitivity to ensemble statistics.

with those reported above. Sensitivity in the mean-change condition
across colour experiments (Experiments 1-5) was again well predicted
by the optimal summation model, with a meta-analytic Bayes factor of
12.59 (minimum 2.3) for low variability colours, and a meta-analytic
Bayes factor of 8.93 (minimum 2.78) for high variability colours. In
the variance-change condition of Experiments 1-4, evidence favoured
the optimal summation model regardless of colour variability, but the
range of BF(; was greater than that for the results from the mean-change
condition, ranging from weak anecdotal (minimum BFy; = 1.01) to
moderate (maximum BF(; = 4.28). That is, regardless of whether there
was high or low variability in the colours, we found no evidence in
support of the involvement of ensemble statistics in change detection in
Experiments 1-4.

The results of this exploratory analysis for Experiments 5 and 6 are
again similar to the results reported above. In the variance-change
condition when variability between items was low, we again found
that evidence favoured a difference from the optimal summation model

in Experiments 5 and 6 (BFjp = 6.67 and 8.33, respectively). When
variability between items was high, however, evidence for this differ-
ence was weak (BFjp = 2.27 and 1.33, respectively). We therefore
conducted another set of exploratory analyses in which we compared
sensitivity across low and high variability trials within each condition of
each experiment to assess whether sensitivity was greater in low vari-
ability trials compared with high variability trials. Contrary to this
possibility, however, observers’ sensitivity was closely matched across
low and high variability trial types in all conditions of both experiments,
with all Bayes factors favouring no difference (all BFy; > 3).

In Experiment 5, evidence favoured the optimal summation model in
the mean-change condition, regardless of whether variability was low
(BFp; = 4.13) or high (BFy; = 3.35). In Experiment 6, in which memo-
randa were oriented Gabors, we found weak evidence for observers
outperforming the model predictions when variability was low (BF1¢ =
2.7), but not when variability was high (BFy; = 1.48).

We summarise the results of all experiments and subsequent analyses
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in Fig. 7. The results of these extended analyses provide additional
confirmation that ensemble statistics contributed to observers’ sensi-
tivity to detect change in only a limited number of conditions as
described above. These analyses further suggest that sensitivity to
changes in colour or orientation variance was largely confined to trials
on which there was relatively low variance among items in the initial
memory display. Similarly, the weak evidence for sensitivity to a change
in mean orientation in Experiment 6 appears to be restricted to trials
with low orientation variance. These results are consistent with previous
observations that the ability to extract ensemble statistics from a set of
stimuli depends on their physical range (Dakin, 2001; Im & Halberda,
2013; Maule & Franklin, 2015; Solomon, 2010; Utochkin & Tiurina,
2014). Although observers may have been motivated to encode
ensemble statistics were they given explicit task instructions to do so,
our data reveal that such encoding is neither automatic nor obligatory.

4. Discussion

In six change detection experiments we manipulated which
ensemble statistics changed across displays to test explicitly the hy-
pothesis that ensemble statistics are stored in short-term memory. We
created a prediction of observers’ sensitivity under the assumption that
their reports were independent of ensemble statistics by deriving an
optimal observer model that summates evidence across independently
stored memoranda. Evidence that ensemble statistics are stored in
memory is therefore any case in which observers out-perform the
optimal summation model. We found strong evidence that observers can
indeed store and use information about the variance or range of stimuli
in a display, but only under the very specific circumstances of detecting
small changes to larger stimulus displays where the range of stimulus
values is relatively narrow. Furthermore, our results contradict the hy-
pothesis that memory for the mean colour in a display contributes to
change detection sensitivity (with weak and limited support for memory
of orientation means). Our results thus challenge the suggestion that the
ensemble mean plays an important and automatic role in the storage and
recall of a visual scene (Brady & Tenenbaum, 2013; Cohen et al., 2016).

We tested change detection performance using two or four memo-
randa, well within the range of items previously suggested to be influ-
enced by ensemble statistics (Brady & Alvarez, 2015a; Utochkin &
Brady, 2020). For detection of a change in two coloured memoranda
(Experiments 1 and 2), we found positive evidence against the notion
that ensemble statistics are stored in memory in three out of four con-
ditions, and equivocal evidence in the fourth condition. These findings
suggest that the mean colour or colour variance of two items is not
stored in short-term memory, in contrast to the conclusions of some
previous studies. We outline possible explanations for this discrepancy
below. Importantly, the results from the two-item experiments argue
against the notion that ensemble statistics are automatically stored in
memory, and this is the case regardless of whether observers are
detecting a relatively small or large change of colours, or whether there
is low or high variability among memoranda. We cannot rule out the
possibility that observers encoded the ensemble statistics in all condi-
tions but did not compare them to the test displays, but we think this is
unlikely. Such an account would be hard to reconcile with evidence that
observers used the memory for variance in Experiments 5 and 6, but not
in any other experiment.

Across four experiments in which observers’ task was to detect a
change in four items, we found other factors that constrain which
ensemble statistics are stored in memory. When the magnitude of
change was set to the threshold for localizing a change to a single item
(Experiments 3 and 4), we found evidence against the mean colour,
colour variance, or both, influencing detection performance. This result
reveals that, even with greater short-term memory demands, ensemble
statistics are not used in change detection tasks automatically. Only
when the magnitude of change was set to half the localization threshold
did we find an influence of ensemble statistics (Experiments 5 and 6). In
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these experiments we found strong evidence that observers’ perfor-
mance was greater than the optimal summation model in the variance-
change condition, and this was true for both coloured disks (Experiment
5) and oriented Gabors (Experiment 6). Higher-order stimulus statistics
can therefore be stored in memory, though the lack of an effect of the
items’ variance in any of the preceding experiments reveals that storage
of item variability is not a fundamental principle of short-term memory.

We estimated that, in the conditions where it was used, sensitivity to
variance of colours and orientations contributed 40-45% of the evidence
used to detect changes in 4-item displays. These estimates suggest that
the variance of features contributed to change detection more than any
individual item, and almost as much as all items combined. As suggested
by Brady and Alvarez (2015b), the contribution of such ensemble sta-
tistics to change detection sensitivity could have serious implications for
historical estimates of working memory capacity derived from similar
tasks. However, this issue is complicated by the fact that ensemble sta-
tistics are used in only some conditions, and so a simple rule cannot be
applied to correct estimated individual-item sensitivity across different
display arrangements. Future studies aiming to investigate solely the
storage of individual features can avoid this potential contamination by
memory for the variance by using the mean-change condition in our
study, which we found does not influence change detection. We can only
confidently recommend this control for coloured memoranda, because
we found weak evidence that the mean may contribute to change
detection sensitivity with oriented memoranda when orientation vari-
ance is low.

It remains unclear why observers in our Experiments 3 and 4 did not
benefit from a change in the colour variance of four items. These ex-
periments were almost identical to Experiment 5, in which we found
strong evidence that the variance of four coloured items contributed to
change-detection performance. The only difference between these ex-
periments was that, in Experiments 3 and 4, the magnitude of change
was set at observers’ localization threshold, whereas in Experiment 5
change magnitude was half threshold. One possibility is that sensitivity
of participants in Experiments 3 and 4 was sufficiently high that they
were not motivated to store or use the variance of items to detect
changes. We performed simulations to confirm it was possible for par-
ticipants to have outperformed the optimal summation predictions in all
experiments, and found this was indeed the case. We simulated the
lowest error rates for which a d-prime could be calculated, one miss and
one false alarm per participant, and compared the resulting sensitivity
(d’ = 4.65) to the optimal summation predictions for each experiment
using one-sample Bayesian t-tests. We found that observers could have
outperformed the predictions in all experiments (all BFjo > 7 x 10%).
Indeed, even with three times as many errors (resulting in d’ = 3.78),
observers would have convincingly outperformed the optimal summa-
tion model (all BF1g > 3). These simulations indicate that participants
could have used a memory of the ensemble statistic to improve their
performance even in the experiments with larger change magnitude,
supporting our conclusion that extraction and storage of ensemble sta-
tistics is not automatic. Note also that a ceiling effect could not explain
why observers did not make use of the colour variance in Experiment 2,
in which participants had the lowest levels of sensitivity of any
experiment.

Contrary to the suggestion that the mean of a set of colours is auto-
matically stored in memory, we found evidence against storage of the
mean in all five colour experiments, with a combined BF; of 637 across
experiments. It is important to note that this is not a null effect. This
finding instead reveals that, when the variance of colours is held con-
stant, observers’ detection performance is best described as the optimal
summation of evidence over individual items. This finding cannot be
accounted for by a ceiling effect limiting observers’ ability to exceed the
optimal summation prediction, for the reasons above, and also because
observers were able to out-perform the optimal summation model in the
variance-change condition in Experiments 5. We found some weak ev-
idence that the mean of four oriented Gabors contributed to
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performance in Experiment 6, raising the possibility that different
ensemble statistics are encoded for different feature dimensions. Indeed,
there is a large body of evidence demonstrating that the mean orienta-
tion can be extracted from a set of Gabors (e.g. Parkes, Lund, Angelucci,
Solomon, & Morgan, 2001; Solomon, 2010). In line with our Experiment
6 results, Solomon found that orientation variance can be detected with
greater efficiency than changes in the mean orientation. However, when
our analyses were restricted to trials in which there was high variability
between oriented memoranda, we found evidence against storage of the
mean. Taken together, these findings are inconsistent with automatic
storage of the average feature value in a display.

Our study displays were designed to be similar to a previous report
that suggested that the mean and variance of colours influence working
memory reports (Brady & Alvarez, 2015a). Using a method of adjust-
ment, Brady and Alvarez not only found substantial variability in recall
precision for individual items within and across displays, but also that a
model incorporating ensemble statistics could account for some of this
variability. The principle of this hierarchical model (a variation on one
proposed by Orhan & Jacobs, 2013) is that recall estimates of individual
features are calculated on the basis of a generative model in which the
display may contain clusters of items that are all drawn from a normal
probability distribution with a particular mean and variance. This
assumption (which does not correspond to how displays are actually
generated in these experiments) leads to biases in estimates of a cued
item that depend on other items in the display. However, the observed
biases taken as evidence for this model do not demonstrate independent
storage of ensemble statistics, because these statistics could be estimated
at any time from the values of the component items (either visible or in
memory). Indeed, in the implementations of the hierarchical model as
reported by Brady and Alvarez (2015a) and Orhan and Jacobs (2013),
there is no explicit memory for ensemble statistics, and inference is
based only on independent noise-corrupted memories of each of the
individual features in the display. In contrast, to see an advantage over
the optimal summation model in the present study, it would be neces-
sary for participants to explicitly store a summary statistic independent
of the individual item colours or orientations.

Our optimal summation predictions were based on extrapolating
from performance in conditions where only one of the items in the
memory array was presented again in the test display. On these trials,
the ensemble statistics that observers might have stored from the
memory array were not present in the test display for comparison, which
justified our using performance on these trials as a baseline measure for
an observer model that is blind to ensemble statistics. However, we do
not rule out the possibility that memory for ensemble statistics could
have contributed indirectly to performance on these trials. Specifically,
observers could in theory evaluate the single item in the test display as if
it were a random sample drawn from a probability distribution param-
eterized with the ensemble statistics remembered from the sample array.
If the single feature available at test had low probability under this
distribution, it would provide some evidence for a change having
occurred that could supplement evidence based on the individual
memory for that specific item. As a result, our calculated optimal sum-
mation prediction for the mean- and variance-change trials would to
some degree overestimate the performance of an observer with no access
at all to ensemble statistics from the memory array. Critically, however,
it would still predict poorer change detection performance compared to
an observer that could directly compare the mean and/or variance of
features in the memory and test displays, and would therefore still
provide a valid baseline against which to test if our participants have
access to those ensemble statistics.

Our optimal summation model formalises a strategy in which ob-
servers encode all items in the study display independently, compare
their memory of each with the spatially corresponding item in the
subsequent test display, and then base their response on the summation
of evidence (Macmillan & Creelman, 2004). Although, in principle,
observers could have adopted a strategy of storing only a subset of the
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displayed items and still detected changes in the mean- and variance-
change conditions, we think this is unlikely for two reasons. First,
summation of information across multiple items with independent noise
is the optimal decision rule providing the greatest sensitivity to detect
changes on these trials. Second, this strategy would be highly sub-
optimal with respect to the single-item trials, which were unpredict-
ably interleaved with the other conditions, because on the proportion of
trials in which the probed item was not stored the observer would have
no information on which to base their response.

While we found conditions that greatly constrain the storage of
ensemble statistics, we think it is plausible that such statistics may be
more readily stored under circumstances that strongly promote the
spatial grouping of memoranda (Brady & Tenenbaum, 2013; Victor &
Conte, 2004). However, even when we restricted our analyses to include
only trials in which memoranda were similarly coloured, thus promot-
ing grouping by similarity (Wagemans et al., 2012), we again found no
effect of the mean or variance in Experiments 1-4. Tasks might also be
designed to encourage storage of ensemble statistics by making them
more difficult to solve using individual item information, for example by
unpredictably changing item locations between memory and test
displays.

We do expect ensemble statistics to be stored in situations in which
individual features cannot be perceptually distinguished, as in visual
crowding, where observers may perceive only the average of a set of
features belonging to closely-spaced objects in the peripheral visual field
(Balas, Nakano, & Rosenholtz, 2009; Dakin, Cass, Greenwood, & Bex,
2010; Harrison & Bex, 2015; Parkes et al., 2001). Such crowding could
occur in memory experiments with sufficiently large set sizes, and under
these conditions, ensembles may indeed be stored in memory instead of
individual items. However, this would reflect a perceptual limitation
rather than a feature of working memory.

5. Conclusions

When trying to detect a change in a visual scene, our experiments
strongly suggest that people do not always compute or remember the
mean or variance of items within the scene. However, memory for the
variance of colours or orientations can facilitate change detection under
a limited set of conditions in which the task is particularly challenging.
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