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Abstract
Memory-guided predictions can improve event comprehension by guiding attention and the eyes to the location where
an actor is about to perform an action. But when events change, viewers may experience predictive-looking errors and
need to update their memories. In two experiments (Ns = 38 and 98), we examined the consequences of mnemonic
predictive-looking errors for comprehending and remembering event changes. University students watched movies of
everyday activities with actions that were repeated exactly and actions that were repeated with changed features—for
example, an actor reached for a paper towel on one occasion and a dish towel on the next. Memory guidance led
to predictive-looking errors that were associated with better memory for subsequently changed event features. These
results indicate that retrieving recent event features can guide predictions during unfolding events and that error signals
derived from mismatches between mnemonic predictions and actual events contribute to new learning.
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Predicting the actions of other people is essential for
skilled social interactions. For example, to cooperate
in preparing dinner, one may need to anticipate when
one’s partner will use the sink to wash vegetables.
Prediction can improve action comprehension and
facilitate one’s own action planning (Gredebäck, 2018;
Gredebäck & Falck-Ytter, 2015). Anticipating the future
on the basis of the past is adaptive because people
often repeat behaviors. But when situations change,
people behave differently. If the partner in the example
above purchased prewashed vegetables on a later occasion, they may bypass washing them in the sink, leading
the observer to experience a mnemonic prediction
error. Viewers’ comprehension of such unexpected
action changes may require registering such mismatches
between predicted and actual events.
Action-observation studies have shown that adult viewers make on-line predictions about future actions, especially actions they have experienced. Viewers look ahead

to contacted objects (Eisenberg et al., 2018; Flanagan &
Johansson, 2003; Hayhoe et al., 2003; Land & McLeod,
2000) and learn to predict object trajectories from repeated
sequences (Barnes et al., 2005; Diaz et al., 2013). Infants
learn to predict manual actions that are repeatedly performed (Cannon et al., 2012; Falck-Ytter et al., 2006),
show positive correlations between predictive looking
and their experience performing the actions (Cannon
et al., 2012; Gredebäck et al., 2018; Melzer et al., 2012),
and look earlier when observing recently learned actions
(Gerson & Woodward, 2014). Thus, memory for past
actions can guide action prediction and comprehension.
When actions change across occasions, mnemonic
predictions trigger surprise responses that may stimulate new learning and update predictions for future
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actions (Gredebäck et al., 2018). Infant eye-tracking
studies show longer looking times to events that violate
their expectations about the world (Gredebäck et al.,
2018; Juvrud et al., 2019; Stahl & Feigenson, 2015).
Infants and children also show greater pupil dilation
when actions end unexpectedly (Gredebäck et al.,
2018; Juvrud et al., 2019). Such prediction errors
increase exploration and new learning. For example,
infants who watched a ball unexpectedly roll through
a wall later explored the ball more than infants who
had seen a ball stop. When infants were taught that the
ball squeaked, infants whose expectations had been
violated better remembered the new property of the
ball (Stahl & Feigenson, 2015). These findings show
that when an action violated infants’ expectations about
the world, infants actively updated their understanding
of the object’s properties.
Conditions associated with prediction errors are also
associated with memory updating. When learned image
sequences later include unexpected images that trigger
prediction errors, memory is reduced for expected but
no-longer-relevant images (Kim et al., 2014). In addition, after people learn to associate consistently
valanced words with a scene category, pairing similar
scenes with oppositely valanced words leads to better
memory (Greve et al., 2017). Similarly, switching
sequential contingencies such that symbol cues are first
followed by objects from one semantic category and
then another enhances recollection for unexpected
objects (Kafkas & Montaldi, 2018). Also, prediction
errors based on memory for virtual scenes enhance
subsequent memory, and the benefit increases with the
number of changed features (Bein et al., 2020). When
people view action sequences, interrupting repetitions
before the expected outcomes distorts their memory
for prior events, indicating a form of error-driven memory updating (Sinclair & Barense, 2018). Relatedly,
when watching basketball, people’s prediction errors
and subsequent memories are associated with increased
pupil size and cortical-activity shifts (Antony et al.,
2021).
When viewers see an actor perform everyday activities that change over time, prediction errors may stimulate better encoding. In one series of experiments,
viewers watched an actor perform action sequences
on two occasions on which some actions changed
(Wahlheim & Zacks, 2019). For example, the actor initially retrieved a bath towel from the closet, but she
later opened the closet in the same way and retrieved
a hand towel. Memory for changed actions was better
when changes were noticed and later recollected. Also,
greater neural reinstatement of the original actions
before viewing changed actions was associated with
better subsequent memory (Stawarczyk et al., 2020).

Statement of Relevance
Everyday life is filled with changes: Friends change
their food preferences, construction projects
change roads and buildings, workers come and go
from businesses. To remember accurately what
happened recently and avoid confusing different
events, people have to track these changes. In this
research, we used a combination of eye tracking
and memory tests to study how people update
their memories when things change. We found that
when watching a new activity, people used memories of recent events to look ahead to where an
actor might reach next. However, when things
changed, this led to prediction errors (i.e., looking
to the wrong location). Both of these factors—
using memory to help with comprehension of new
information and making predictions about the near
future—may be important for accurately encoding
new events. In particular, our results suggest that
prediction errors drive new learning. These findings also suggest that, outside the laboratory,
directing viewers’ attention to instances when
events change may help them better track and
remember changes.

This suggests that anticipating repeated actions triggered updating for changes. Although neural reinstatement may be necessary for mnemonic predictions
(Bein et al., 2020), this measure alone does not definitively index predictive processing.
In the current study, we assayed mnemonic prediction error in this everyday-changes paradigm using
anticipatory eye movements as a converging measure.
In the first session, participants watched two movies of
an actor performing everyday-activity sequences depicting two fictional days in her life (Day 1 and Day 2 movies). Changed activities started with the same actions in
both movies but ended with different actions in each
movie, whereas repeated activities started and ended
with the same action in both movies. Experiment 2 also
included control activities with actions that were performed only in the second movie. Eye movements were
recorded while participants watched the movies. In the
second session, 1 week later, participants recalled Day
2 activity features (i.e., contacted objects), indicated
whether the contacted objects had changed between
movies, and if so, recalled the Day 1 features.
Changed Day 2 features are better remembered when
participants can recall that those features had changed
and can recall the original Day 1 features (Garlitch &
Wahlheim, 2021; Hermann et al., 2021; Stawarczyk et al.,
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2020; Wahlheim & Zacks, 2019). According to eventmemory-retrieval-and-comparison theory (Wahlheim &
Zacks, 2019), the memory benefit for changed Day 2
features associated with recall of Day 1 features occurs
partly because mnemonic prediction errors stimulate
encoding of new features. Event-memory-retrieval-andcomparison theory proposes a causal cascade in which
viewers may (a) retrieve the activity’s previous ending,
(b) use the remembered action to predict the Day 2
ending, (c) experience a mnemonic prediction error
when they view an unexpected action change, and (d)
update their memory in response to that error. This view
is consistent with the findings of error-driven associative
learning (Rescorla & Wagner, 1972).
The present two experiments tested the hypothesis
that while viewing the beginnings of changed activities,
people’s predictive looking based on memory for Day
1 endings should be associated with better subsequent
memory for changes, recall of Day 1 features, and memory for the changed Day 2 features. We tested this
against the hypothesis that predictive processing is not
necessary for changed features to be better remembered when they are recollected as such. This could
occur when viewers retrieve Day 1 activities after viewing changed Day 2 activity endings because postdictive
processes (cf. Neely et al., 1989) may be used to compare activities and improve the encoding of changed
activity endings.

Method
These experiments were approved by the institutional
review board of Washington University in St. Louis.
Participants were recruited from the Department of Psychological and Brain Sciences at Washington University
in St. Louis. Participants self-enrolled in both of the
following experiments through an online recruitment
system. All participants received course credit or $10
per hour as compensation for their time.

Participants
In Experiment 1, we set the sample size on the basis
of previous studies using the everyday-changes paradigm to measure memory effects (Wahlheim & Zacks,
2019; N = 36) because no relevant previous data were
available to support a power analysis. We recruited 43
participants and excluded five, either because we could
not track their eyes (n = 4) or because of attrition (n =
1). The final sample included 38 participants (13
women; age: range = 18–27 years, M = 20.37, SD = 2.17).
In Experiment 2, we ran bootstrapping power analyses
using custom codes in R software (Version 4.1.1; R Core
Team, 2021) for each of the primary hypotheses using
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the data from Experiment 1. We sampled Experiment 1
data with replacement to obtain varying numbers of
simulated participants. We then ran mixed-effects models for the results of interest and determined whether
they were significant. We ran 1,000 iterations for the
recall models and 500 iterations for the eye-tracking
models. We determined the proportion of significant
results, which provided the estimates for power. The
results indicated that a sample of 90 participants would
be enough to achieve 80% power. Consequently, we
recruited 111 participants, anticipating that some would
have to be excluded. We excluded 13 participants either
because we could not track their eyes (n = 12) or
because the equipment failed (n = 1). The final sample
included 98 participants (56 women; age: range = 18–25
years, M = 19.61, SD = 1.39).

Materials and design
Both experiments included the same two movies showing a female actor performing sequences of everyday
activities in or around her home and workplace on two
fictional days in her life. There were two versions (A
and B) of each activity that included the same peripheral features and a changed central feature that always
showed her manipulating an object (e.g., inserting a
key into a door lock). Figure 1a shows key moments
from two versions of an example activity in which the
actor unlocked her front door to enter her home. In
Version A, she unlocked the doorknob, whereas in Version B, she unlocked the deadbolt. The different central
features in each version are displayed at the point of
contact.
Experiment 1 used a single-factor, two-level (activity
type: repeated vs. changed) within-subjects design to
manipulate the relationship between activities in each
movie. Each movie included 44 critical activities (22 per
condition) and 20 filler activities (10 per condition) that
served to maintain narrative continuity (64 activities
total). We counterbalanced the assignment of activity
versions across activity types and movies in the following way. First, we created a Day 1 movie that included
all critical activities assigned to either Version A or
Version B. No more than three activities of the same
version appeared sequentially. Then we created another
Day 1 movie, switching all the activity versions (i.e.,
Version A activities became Version B activities, and
vice versa). Finally, we created two Day 2 movies—one
that included all Version A activities and one that
included all Version B activities. The combinations of
the Day 1 and Day 2 movies produced four experimental formats.
Experiment 2 included the same repeated and
changed conditions as Experiment 1 but also included a
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a
Two Versions of an Example Activity
Start

Divergence

Contact

Version A

Version B

Predivergence Interval

b

Postdivergence Interval

c

Repeated Activity

Target

Changed Activity

Alternate
Day 1

Alternate

Day 1
Target

Target

Target
Day 2

Alternate

Day 2
Alternate

Fig. 1. Example activities and interest areas. Key moments from two versions of an example activity, the actor
unlocking a door, are shown in (a). The interest period for eye-tracking analysis began as she approached the
door and ended when she first contacted either the doorknob (Version A) or the deadbolt (Version B). The
first images (Start) show the start of the interest period, the second images (Divergence) show the moment
before the activity versions diverge, and the third images (Contact) show the two possible contacted objects.
Example interest areas for a repeated activity and for a changed activity are shown in (b) and (c), respectively.
Yellow boxes highlight interest areas for target (blue) and alternate (red) objects. The designation of target and
alternate objects was the same in both movies for repeated activities and switched from the Day 1 to the Day 2
movie for changed activities. The images are shown in black and white here to enhance the visual contrast of
the yellow boxes showing the interest areas. The complete movies were shown in color and were not altered
to indicate interest areas. The movies can be viewed at OSF (https://osf.io/w8skp/).

control condition with activities that appeared only in
the Day 2 movie. Thus, it used a three-level (activity
type: repeated vs. control vs. changed) within-subjects
design. We assigned twice the number of activities to
the changed condition than to the other conditions to
focus power on changed activities, which were of primary theoretical interest. The Day 1 movies included
33 critical activities (22 changed and 11 repeated) and

20 filler activities (10 changed and 10 repeated) for a
total of 53 activities. The Day 2 movies included 44
critical activities (22 changed, 11 repeated, and 11 control) and 20 filler activities (10 changed and 10 repeated)
for a total of 64 activities. The activities were counterbalanced in the same way as in Experiment 1.
Both experiments used the same cued-recall test
items. The test included 64 questions probing memory
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a
Session 1 (Day 1 and Day 2 Movies)
Day 1 Movie

Day 2 Movie

Delay (~1 Week)

Session 2 (Cued-Recall Test)

b
Changed

Cued-Recall Prompt

Day 2 Feature?

Which lock did the actor
unlock to enter her home?

deadbolt

“Changed”
Classification

Not
Changed

Day 1 Feature?
doorknob

Next Trial

Test-Trial Structure
Fig. 2. General schematic of events in each experimental session. Participants watched two movies successively during the first session (a).
They were instructed to pay attention to the actor’s activities in both movies. After a delay, participants completed a second session that
included a cued-recall test of features from both movies (b). For each activity, participants first tried to recall the Day 2 feature. Then they
were asked to classify whether the activity had changed from Day 1 to Day 2. When participants indicated that an activity had changed,
they tried to recall the Day 1 feature and then moved on to the next trial (blue arrows). When participants indicated that an activity had
not changed, the program advanced to the next test trial (red arrow). The test instructions differed slightly between experiments (see the
Supplemental Material available online).

for all activities from the Day 2 movie. Cues asked
about the central features that could have changed. For
example, the cue for the door-unlocking example in
Figure 1 asked about the central lock feature (i.e.,
“Which lock did the actor unlock to enter her home?”).

Procedure
Figure 2 displays a schematic of the two experimental
sessions, which were separated by approximately 1

week (Experiment 1: M = 7.07 days, SD = 0.81 days,
range = 7–11 days; Experiment 2: M = 7.07 days, SD =
0.50 days, range = 6–10 days). Both experiments used
the same procedure, with one exception noted below.
The exact instructions shown to participants are
available in the Supplemental Material available
online. Movies were shown on a 19-in. monitor (1,440- ×
900-pixel resolution) at a 1,280- × 720-pixel aspect ratio
using Experiment Builder software (Version 2.3.38; SR
Research, 2020). Gaze location was recorded from the
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right eye using an infrared pupil-corneal eye tracker
(EyeLink 1000; SR Research, Mississauga, Ontario, Canada) that sampled at 1000 Hz. Participants placed their
heads against a chin and forehead rest to minimize
motion. The camera was positioned 52 cm from the top
of the rest. The viewing distance was 58 cm from the
rest, and the viewing angle was 38.6°.
During Session 1, participants were told that they
would watch movies of an actor performing everyday
activities and to pay attention to those activities. Participants watched two different movies from ostensibly
separate days in the actor’s life. As described above,
half of the Day 2 activities included changed endings.
While watching each movie, participants took short
breaks between scenes showing morning, work, afternoon, and evening activities.
During Session 2, participants completed the cuedrecall test presented via E-Prime software (Version 2.0;
Schneider et al., 2012) in another room. They were told
that they would recall activity features and indicate
which features had changed between movies. Before
the test, participants viewed two example clips of a
hair-styling activity with a changed feature. The actor
styled her hair first with a comb and then with a brush.
Test items then appeared individually (for a schematic
of the test trial structure, see Fig. 2b). On each trial,
participants first recalled the Day 2 feature by typing
their response. Then they indicated whether the feature
had changed by responding “yes” or “no” with the “1”
or “2” key (Experiment 1) or by classifying the activity
as repeated, changed, or shown only on Day 2 with the
“1,” “2,” or “3” key (Experiment 2). When participants
indicated that an activity had changed (“yes” or
“changed”), they attempted to recall the Day 1 feature
by typing their response. When participants indicated
that an activity had not changed, the program advanced
to the next trial.

Statistical analysis
All analyses were conducted using R software. We
fitted linear and logistic mixed-effects models including experimental variables as fixed effects and participants and activities (items) as random effects using
functions from the lme4 package (Version 1.1.27.1;
Bates et al., 2015). We tested for significant effects of
predictor variables using the Wald test in the “Anova”
function from the car package (Version 3.0.10; Fox &
Weisberg, 2019). We conducted pairwise comparisons
using the “emmeans” function from the emmeans
package (Version 1.4.7; Lenth, 2020), controlling for
multiple comparisons with the Tukey method. All
statistical tests were two-sided. The level for significance was set at an α of .05. The probabilities and

confidence intervals below were estimated from these
models.

Results
Each activity included a pair of critical objects that the
actor might manipulate, such as the doorknob and
deadbolt in Figure 1a. For repeated activities, the actor
manipulated the same target object on both days—for
example, she could unlock the deadbolt on both days
(Fig. 1b). In that case the alternate object on both days
would be the doorknob. For changed activities, the
target object in the Day 1 movie became the alternate
object in the Day 2 movie and vice versa (Fig. 1c). Both
repeated and changed activities appeared in both
experiments. Control activities that the actor performed
only in the Day 2 movie also appeared in Experiment
2. The primary eye-tracking measure of interest was the
proportion of time participants looked to the target and
alternate objects while watching each activity. We
report results from analyses comparing these proportions across activity types and movies from both experiments together. We also conducted exploratory analyses
of pupil areas, which we report in the Supplemental
Material.

Proportions of looks to interest areas
To characterize looking patterns as activities unfolded,
C. N. Wahlheim and M. L. Eisenberg first divided each
activity into two intervals of interest (Fig. 1a). The raters
watched each version of each activity together and
jointly decided about interval placement. The predivergence interval started when the target and alternate
object were both visible and ended the moment before
the actor started to move more toward the target than
the alternate object (e.g., the first moment that her
reach trajectory indicated that she was more likely to
contact the deadbolt than the doorknob). The postdivergence interval started the moment after this divergence point and ended when the actor contacted the
target object. Total interest intervals ranged from 470
ms to 29,200 ms (M = 6,434 ms, SD = 5,032 ms). Predivergence intervals (range = 100–16,920 ms, M = 5,212
ms, SD = 3,597 ms) were significantly longer than postdivergence intervals (range = 140–13,250 ms, M = 1,222
ms, SD = 2,447 ms), t(87) = 10.61, p < .001.
Because the pre- and postdivergence intervals varied
in length, we divided each interval into 10 isochronous
bins for analysis (20 total bins). This allowed us to compare the time course of looking behavior in terms of the
relative time elapsed from the onset of each activity to
the divergence point and from the divergence point to
object contact, controlling for differences in duration.
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To analyze looking patterns as activities unfolded, we
included time bin as a categorical predictor variable in
the mixed-effects models. When testing hypotheses
about the effects of prior viewing on predictive looking
before and after divergence points, we used separate
models that included only either the first 10 bins (predivergence interval) or the second 10 bins (postdivergence interval). For each activity, we defined spatial
regions of interest by drawing polygons around the
target and alternate objects (Figs. 1b and 1c). We then
recorded, for each participant, whether they looked in
one or both interest areas during each time bin. In the
following analyses, we report looking proportions in
each interest area aggregated across all activities. In

addition to the analyses reported here, we examined
the consistency of looking-proportion differences across
activities based on pre- and postdivergence interval
lengths (see the Supplemental Material).
Repeated activities. For repeated activities, the actor
manipulated the same object on both days, so mnemonic
predictions based on Day 1 actions should lead to more
looking to Day 2 target objects. This was what we found
(Fig. 3, top left graph for each experiment). In both
experiments, logistic mixed-effects models were used to
estimate proportions of looking to each object of interest
(object) during both movies (day) at each time bin (bin).
Models including object, day, and bin as fixed effects

Experiment 1
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Changed
Day 2

Contact

Start

Contact

Divergence

0.5

Divergence

0.6

Start

0.7

Day 1

0.3
Day 2
0.2
0.1

Day 1

0.0
Contact

Start

Contact

Divergence

0.5

Divergence

0.6

Start

0.7

Alternate

Estimated Proportion of Looks to Interest Area

Target

0.4

0.4
0.3

Day 2

0.2
0.1
0.0

Day 1

Day 1

Day 2
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Time Bin
Fig. 3. (continued on next page)
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Experiment 2
Changed

Start

Contact

Divergence

0.5

Divergence

0.6

Start

0.7

Day 2

Contact

Repeated

Day 1

Day 2

0.2
0.1

Day 1

Contact

Divergence

Start

Contact

0.6

Start

0.7

Divergence

0.0

0.5
0.4
0.3

Day 2

Alternate

Estimated Proportion of Looks to Interest Area

0.3

Target

0.4

0.2
Day 1

Day 1

0.1
0.0

Day 2
−9 −8 −7 −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6 7 8 9 10

−9 −8 −7 −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6 7 8 9 10

Time Bin
Fig. 3. Looks to target and alternate objects during movie viewing. Model-estimated proportions of looking to interest areas including
target objects (top row) and alternate objects (bottom row) during interest periods are shown for critical repeated activities (left columns)
and changed activities (right columns), separately for each time bin in Experiments 1 and 2. “Start” indicates the moment the interest period
began. “Divergence” indicates the point of divergence when the two activity versions first became distinguishable. “Contact” indicates the
moment the actor contacted the target or alternate object. Red dashed lines indicate looking proportions during Day 1 movie viewing. Black
solid lines indicate looking proportions during Day 2 movie viewing.

(Table 1) indicated significant Object × Day interactions.
Participants looked significantly more to target objects
when watching the Day 2 than the Day 1 movie, smallest
z ratio = 9.39, p < .001. In contrast, they looked significantly less to alternate objects when watching the Day 2
than the Day 1 movie, smallest z ratio = 2.03, p = .043.
The models in both experiments also indicated significant Object × Bin interactions showing the following
patterns. In the predivergence intervals (time bins −9 to
0; from “start” to “divergence”), looking proportions
were mostly consistent across adjacent bins. Pairwise

comparisons indicated significant increases only for target objects in both experiments from bin −1 to 0, smallest z ratio = 4.83, p < .001. In the postdivergence
intervals (time bins 1 to 10; from the bin after “divergence” to “contact”), looking patterns differed for target
and alternate objects. For target objects, looking
proportions increased consistently until Bin 6 (Experiment 1) and Bin 7 (Experiment 2) and then began to
reach an asymptote. In contrast, for alternate objects in
both experiments, there were overall decreases in looking proportions across the interest periods. Looking
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Table 1. Looking-Model Results for Each Activity Type: Experiments 1 and 2
Experiment 1
Activity and effect
Repeated activity
Object
Day
Bin
Object × Day
Day × Bin
Object × Bin
Object × Day × Bin
Changed activity
Object
Day
Bin
Object × Day
Day × Bin
Object × Bin
Object × Day × Bin

χ2

df

5,216.37
31.31
1,387.58
73.41
7.76
4,885.20
17.88

1
1
19
1
19
19
19

4,760.08
59.77
1,336.73
24.99
10.24
5,100.31
79.34

1
1
19
1
19
19
19

Experiment 2
p

χ2

df

<
<
<
<

.001
.001
.001
.001
.989
< .001
.530

5,956.10
23.44
1,406.82
73.88
7.53
5,353.73
42.82

1
1
19
1
19
19
19

<
<
<
<

<
<
<
<

9,733.85
33.70
3,092.08
0.75
3.26
11,544.90
28.79

1
1
19
1
19
19
19

< .001
< .001
< .001
.386
.999
< .001
.069

.001
.001
.001
.001
.947
< .001
< .001

p
.001
.001
.001
.001
.991
< .001
.001

Note: The model results shown here correspond to the data displayed in Figure 3.

proportions were significantly greater in the first bin (1)
than the last bin (10), smallest z ratio = 7.41, p < .001.
However, the decrease in looking was sharpest across
the three bins after the divergence point, as there were
few significant differences beyond Bin 3.
There was also an Object × Day × Bin interaction in
Experiment 2. To characterize this interaction, we fitted
separate models with the same variables to data including only the time bins from pre- or postdivergence
intervals. In the predivergence model (Table 2), an
Object × Day interaction indicated significantly greater
proportions of looking to target objects in the Day 2
than the Day 1 movie, z ratio = 4.76, p < .001, but no
significant difference in the proportions of looking to
alternate objects in each movie, z ratio = 1.19, p = .234.
In the postdivergence interval, an Object × Day interaction indicated significantly greater proportions of looking to target objects in the Day 2 than the Day 1 movie,
z ratio = 8.55, p < .001, and to alternate objects in the
Day 1 than the Day 2 movie, z ratio = 4.33, p < .001.
These results show that viewing experience increased
predictive looking to objects the actor would contact
early in each activity.
Changed activities. For changed activities, the actor
manipulated one object in the Day 1 movie but then a
different object in the Day 2 movie. The objects that were
manipulated on Day 1 but not Day 2 are referred to
as alternate objects for Day 2 (see Fig. 1c). During the
early part of a changed activity on Day 2, mnemonic

predictions based on actions from Day 1 movies should
increase looking to the alternate object because that
object was previously the action target. After the divergence point, as visual cues provide information that the
activity will end differently, we expected looking to the
target to increase. Figure 3 shows that this qualitative pattern was observed in both experiments.
For Experiment 1, a model with the same variables
as in the looking-proportion model for repeated activities (Table 1) indicated a significant Object × Day × Bin
interaction. This interaction was characterized using
separate models for the pre- and postdivergence intervals. In the predivergence interval (Table 2), a significant Object × Day interaction showed greater
proportions of looking to both objects when participants watched the Day 2 movie than the Day 1 movie,
and this difference was greater for alternate objects, z
ratio = 6.01, p < .001, than for target objects, z ratio =
1.99, p = .047. These results suggest that memory for
actions in Day 1 movies guided participants’ looking
toward areas including objects that could be contacted
in Day 2 movies, especially for areas including the
earlier-contacted objects. In the postdivergence interval,
a significant Object × Day interaction indicated greater
proportions of looking to target objects in the Day 2
movie than the Day 1 movie, z ratio = 10.00, p < .001,
and to alternate objects in the Day 1 movie than the
Day 2 movie, z ratio = 2.37, p = .018. These results
suggest that observed movement trajectories that contradicted mnemonic predictions stimulated more
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Table 2. Looking-Model Results for Repeated Activities in
Experiment 2 and Changed Activities in Experiment 1
Interval and effect

χ2

df

Experiment 2: repeated activity
Predivergence interval
Object
19.93
1
Day
17.74
1
Bin
55.97
9
Object × Day
6.45
1
Day × Bin
7.54
9
Object × Bin
65.84
9
Object × Day × Bin
8.81
9
Postdivergence interval
Object
9,415.61
1
Day
8.93
1
Bin
89.84
9
Object × Day
83.43
1
Day × Bin
1.27
9
Object × Bin
401.91
9
Object × Day × Bin
7.67
9
Experiment 1: changed activity
Predivergence interval
Object
0.20
1
Day
31.78
1
Bin
43.95
9
Object × Day
8.09
1
Day × Bin
6.43
9
Object × Bin
35.33
9
Object × Day × Bin
10.85
9
Postdivergence interval
Object
8,035.43
1
Day
29.01
1
Bin
117.62
9
Object × Day
76.63
1
Day × Bin
3.35
9
Object × Bin
517.59
9
Object × Day × Bin
0.92
9

p

< .001
< .001
< .001
.011
.581
< .001
.455
< .001
.003
< .001
< .001
.999
< .001
.568

.651
< .001
< .001
.004
.697
< .001
.286
<
<
<
<

.001
.001
.001
.001
.949
< .001
.999

Note: The model results shown here correspond to the data displayed
in Figure 3.

looking to objects that had not been contacted in the
Day 1 movie.
In both experiments, there were also significant
Object × Bin interactions indicating the following patterns. In the predivergence intervals, looking proportions were mostly consistent across adjacent bins, with
some exceptions. For target objects in both experiments, there were significant increases from bin −1 to
0, smallest z ratio = 5.19, p < .001. For target objects in
Experiment 2, the first bin (−9) was significantly lower
than most other bins, smallest z ratio = 3.17, p = .049.
For alternate objects in Experiment 2, there were significant increases in bins −8, −7, −1, and 0, smallest z

ratio = 3.20, p = .045. In the postdivergence intervals,
there were substantial differences in proportions of
looking to target and alternate objects. For targets in
both experiments, there were generally consistent
increases in looking across adjacent bins until Bin 7. In
contrast, for alternate objects in both experiments, looking proportions decreased as activities unfolded. Looking proportions were significantly greater in the first
bin (1) than the last bin (10), smallest z ratio = 8.65,
p < .001. However, the decrease in looking to alternate
objects was sharpest in the four bins after the divergence point, as there were few significant differences
beyond Bin 4.
Finally, in Experiment 2, there was a significant effect
of day, replicating the finding from Experiment 1 that
proportions of looking to both objects were greater
during Day 2 than Day 1 movies. However, in contrast
to Experiment 1, results showed that neither the Object
× Day nor the Object × Day × Bin interaction were
significant. In sum, when watching an activity for the
second time, participants looked predictively to the
target object that the actor had previously manipulated.
Participants did this starting early in the activity, before
the two potential endings diverged. For changed activities, this resulted in mnemonic predictive-looking errors
that were subsequently corrected as the actor’s hand
approached the changed target object.

Cued-recall performance
When participants were asked about features of Day 2
activities on the cued-recall test, most responses were
correct reports of the object manipulation seen on that
day—Day 2 recalls: 57% (Experiment 1), 50% (Experiment 2)—or incorrect reports of the alternate-object
manipulation—alternate intrusions: 20% (Experiment
1), 21% (Experiment 2). In the example changed activity
shown in Figure 1c, reporting “she unlocked the deadbolt” would be a correct Day 2 recall and reporting that
“she unlocked the doorknob” would be an alternate
intrusion. Note that alternate intrusions are intrusions
from episodic memory only for changed activities; for
repeated and control activities, such responses reflect
false remembering of an action that was not performed
but fit within the semantic context of the activity. The
remaining responses included ambiguous responses
(4% for Experiment 1, 9% for Experiment 2) that were
correct but did not identify a target or alternate features
(e.g., “she unlocked the house”) and other errors such
as recalling other activity features or omissions (19%
for Experiment 1, 20% for Experiment 2).
Event changes can lead to proactive facilitation in
memory. Both experiments showed that repeating an
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activity led to overall better correct recall of central features and fewer alternate intrusions than did repeating an
initial action sequence and including a changed ending
(Fig. 4). In Experiment 2, we also replicated the somewhat surprising finding that repeating an activity with a
changed feature can lead to facilitation rather than interference in overall correct recall (Wahlheim & Zacks, 2019):
Recall of central features for changed activities was better
than recall of such features for control activities seen only
on Day 2 (Fig. 4, bottom left). Separate models estimating
correct Day 2 recall and alternate intrusion probabilities
including only activity type as a fixed effect (repeated and
changed activities in Experiment 1; repeated, control, and
changed activities in Experiment 2) indicated significant
effects for Day 2 recall—Experiment 1: χ2(1) = 6.59, p =
.010; Experiment 2: χ2 (2) = 60.32, p < .001—and for alternate intrusions—Experiment 1: χ2(1) = 28.21, p < .001;
Experiment 2: χ2(2) = 33.58, p < .001. For Experiment 2,
all pairwise comparisons among the three levels of activity type were significantly different for Day 2 recall (smallest z ratio = 3.43, p = .002), whereas the only nonsignificant
difference for alternate intrusions was between repeated
and control activities, z ratio = 1.86, p = .150.
Recollecting that activities had changed is associated with memory facilitation. To test whether successful updating was associated with recollecting that an
activity had changed, we analyzed cued-recall performance for changed activities conditionalized on classifications indicating whether activities had changed, made just
after each cued-recall attempt. We created three responseclassification types for changed activities: Change recollected responses were accurate classifications with recall
of Day 1 features, change remembered responses were
accurate classifications without correct recall of Day 1 features, and change-not-remembered responses were inaccurate classifications. Change-classification rates were
comparable in both experiments: recollected (Experiment
1 = 38%, Experiment 2 = 37%), remembered (Experiment
1 = 19%, Experiment 2 = 18%), and not remembered
(Experiment 1 = 43%, Experiment 2 = 45%).
Correct recall of changed Day 2 features varied
depending on how participants classified changed activities at test (Fig. 4). In both experiments, models fitted
to correct Day 2 recall and including classification as
the fixed effect indicated significant effects, smallest
χ2(2) = 188.29, p < .001. Pairwise comparisons indicated
that recall was significantly greater when change was
recollected than when it was remembered but not recollected or not remembered, smallest z ratio = 11.13, p <
.001, and that the latter two conditions were not significantly different, largest z ratio = 0.84, p = .678. These
results replicate findings showing that enhanced eventmemory updating for changed activities was associated
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with change recollection (Garlitch & Wahlheim, 2021;
Hermann et al., 2021; Stawarczyk et al., 2020; Wahlheim
& Zacks, 2019).
In both experiments, alternate intrusions were most
likely when change was remembered but not recollected and least likely when change was recollected.
The classification effect was significant in both experiments, smallest χ2(2) = 90.96, p < .001. All pairwise
comparisons were significantly different, smallest z
ratio = 3.54, p = .001.
Predictive-looking errors are associated with better
event-memory updating. The previous analyses established that participants sometimes make mnemonic
predictive-looking errors when watching Day 2 activities
unfold and that watching a changed activity ending can
lead to facilitation, rather than interference, in memory
for changed activity features. We hypothesized that
these two results are related such that making a predictive-looking error can induce memory updating (cf. Stahl
& Feigenson, 2015). To test this hypothesis, we assessed pro
portions of looking while participants watched changed
activities on Day 2 back-sorted on whether changes were
later recollected (Fig. 5). We compared activities for
which changes were recollected, that is, that were correctly classified and for which the Day 1 activity feature
was recalled (recollected), with activities for which
change was not recollected (not recollected). The latter
category included activities for which Day 1 features
were not recalled, regardless of whether activities were
classified as having changed, because recall of Day 2 features in those cells was not significantly different (see Fig.
4, left).
For changed activities in the Day 2 movie, mnemonic
predictive-looking errors were looks to alternate objects
that the actor had manipulated in the Day 1 movie.
Consistent with our hypothesis, Figure 5 (left) shows
that in both experiments, proportions of looking to
alternate objects for changed activities were greater
during activities for which participants subsequently
recollected that features had changed. This was especially true when participants watched the actor repeat
actions from the Day 1 movie in the predivergence
intervals.
In both experiments, models fitted to looks to alternate objects with change recollection (recollected vs.
not recollected, and vs. control in Experiment 2 only)
and bin as fixed effects showed significant main effects
(Table 3). For Experiment 1, there was also a significant
interaction that was characterized using separate models for pre- and postdivergence intervals (Table 3). The
proportion of looking to alternate objects was significantly greater for changed activities that were subsequently recollected as such than for those not recollected
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Experiment 1
Day 2 Recall

Alternate Intrusions

1.0

Recollected

0.9

Estimated Probability

0.8
0.7
Remembered

0.6
0.5

Remembered

0.4
0.3
Not
Remembered

Not
Remembered

0.2
0.1

Recollected

0.0
Repeated

Changed

Changed
(Conditional)

Repeated

Changed

Changed
(Conditional)

Activity Type

Experiment 2
Day 2 Recall

Alternate Intrusions

1.0

Recollected

0.9

Estimated Probability

0.8
0.7
0.6

Remembered

0.5

Not
Remembered

0.4
0.3

Remembered

0.2

Not
Remembered

0.1
Recollected

0.0
Repeated

Control

Changed

Changed
(Conditional)

Repeated

Control

Changed

Changed
(Conditional)

Activity Type
Fig. 4. Cued recall of activity features. The estimated probability of Day 2 recall (left column) and alternate intrusions (right column) is
shown separately for each activity type in each experiment. Black points indicate model-estimated probabilities for overall responses. Colored
points for conditional cells indicate model-estimated response probabilities for changed activities when changes were recollected (green
points), remembered (blue points), or not remembered (red points). Point-area differences indicate the relative observation frequencies
for those cells. Error bars represent 95% confidence intervals. Error bars are obscured when the intervals are smaller than the point areas.

as such. This difference was greater in the predivergence interval than in the postdivergence interval. For
Experiment 2, the additional control condition prompted

pairwise comparisons to characterize the effect of
change recollection. Participants looked to alternate
objects more during activities for which changes were
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Experiment 1
Target

Contact

Divergence

Start

Contact

0.6

Divergence

0.7
Start

Estimated Proportion of Looks to Interest Area

Alternate

0.5
0.4
0.3

Recollected
Not Recollected

0.2
0.1

Not Recollected

Recollected

0.0
−9 −8 −7 −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6 7 8 9 10

−9 −8 −7 −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6 7 8 9 10

Time Bin

Experiment 2
Target

Contact

Divergence

Start

Contact

0.6

Divergence

0.7
Start

Estimated Proportion of Looks to Interest Area

Alternate

0.5
0.4
0.3

Recollected
Control

0.2
0.1

Not Recollected

Recollected

Not Recollected

Control

0.0
−9 −8 −7 −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6 7 8 9 10

−9 −8 −7 −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6 7 8 9 10

Time Bin
Fig. 5. Looks to interest areas during changed activities on Day 2. Model-estimated proportions of looking to interest areas for changed
activities during Day 2 movies are shown for alternate objects (left column) and target objects (right column), separately for each time
bin in Experiments 1 and 2. “Start” indicates the moment the interest period began. “Divergence” indicates the point of divergence when
the two activity versions first became distinguishable. “Contact” indicates the moment the actor contacted the target or alternate object.
Green solid lines indicate looking proportions for activities recollected as changed, purple solid lines indicate looking proportions for
activities not recollected as changed, and black dotted lines (Experiment 2 only) indicate looking proportions for control activities.

subsequently recollected than during activities for
which changes were not recollected, z ratio = 6.84, p <
.001, and during control activities, z ratio = 7.45, p <

.001. This pattern was highly consistent across activities
varying in length of the predivergence interval (see
the Supplemental Material). These results suggest that
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Discussion

Table 3. Model Results for Day 2 Looking to Alternate
Objects Conditionalized on Change Recollection:
Experiments 1 and 2
Time bin and effect

χ2

Experiment 1
All
Change recollection
49.15
Bin
652.95
Change Recollection × Bin
34.91
Predivergence intervals
Change recollection
52.27
Bin
15.34
Change Recollection × Bin
3.40
Postdivergence intervals
Change recollection
7.57
Bin
73.12
Change Recollection × Bin
5.27
Experiment 2
All
Change recollection
60.87
Bin
1,611.21
Change Recollection × Bin
41.22

df

p

1
19
19

< .001
< .001
.014

1
9
9

< .001
.082
.946

1
9
9

.006
< .001
.810

2
19
38

< .001
< .001
.332

Note: The model results shown here correspond to the data displayed
in Figure 5 (left). For Experiment 2, note that the change-recollection
variable includes both changed activities conditionalized on change
recollection and control activities that were not conditionalized on
change recollection.

mnemonic predictive-looking errors played a critical
role in the facilitation in memory updating that occurred
when changes were recollected.
Proportions of looking to target objects in the Day 2
movie (Fig. 5, right) were also compared. These analyses
tested the hypothesis that participants should not show
greater predictive looking associated with subsequent
change recollection because target objects had not been
contacted in the Day 1 movie. Thus, mnemonic predictions should not guide the eyes to look earlier and more
often to objects that the actor had not manipulated.
Models comparable with those for alternate objects confirmed this prediction (Table 4). In Experiment 1, neither
the effect of change recollection nor the Change Recollection × Bin interaction was significant. In Experiment
2, there was a significant effect of change recollection,
but pairwise comparisons indicated no significant differences among conditions, smallest z ratio = 2.31, p =
.054. Overall, these results are consistent with the
hypothesis that memory predictively guides the eyes
only to previous action targets. Finally, we also found
that overall correct recall of changed activity features
from the Day 2 movie was associated with greater proportions of looking to alternate objects in the predivergence interval (see the Supplemental Material).

Two experiments examined the role of mnemonic prediction error in event-memory updating by assessing
the association between predictive looking and memory
for changed activities. Predictive looking to objects an
actor had contacted was associated with facilitated
memory for changed activity features. This was shown
by an association between memory for earlier-contacted
objects and looking to those objects during repeated
actions as well as better memory for changed objects
and recollection of the change. These results suggest
that mnemonic prediction errors partly contribute to
event-memory updating for dynamic everyday actions.
The present results converge with those of actionobservation studies showing that viewers look ahead
when performing and watching everyday actions
(Eisenberg et al., 2018; Hayhoe et al., 2003; Land &
McLeod, 2000). These results replicated findings of predictive looking during movies of everyday activities
(Eisenberg et al., 2018), as viewers looked increasingly
to target objects when watching Day 1 movies. These
findings support the perspective that viewers use
motor knowledge to predict action goals (Flanagan &
Johansson, 2003). The present results also converged
with findings from simplified trial-based designs showing that viewers look ahead to earlier-watched actions
(Cannon et al., 2012; Falck-Ytter et al., 2006; Gredebäck
et al., 2018). Specifically, when watching the Day 2
movie, participants looked more to objects that had
been contacted in the Day 1 movie. This was true for
activities that repeated completely and those that
included only repetitions of the initial action sequence
in the predivergence interval, suggesting that memory
guided action predictions during activity viewing.
Table 4. Model Results for Day 2 Looking to Targets
Conditionalized on Change Recollection: Experiments 1
and 2
Experiment and effect
Experiment 1
Change recollection
Bin
Change Recollection × Bin
Experiment 2
Change recollection
Bin
Change Recollection × Bin

χ2

df

p

2.04
2,940.44
19.17

1
19
19

.153
< .001
.446

6.40
9,022.16
24.37

2
19
38

.041
< .001
.958

Note: The model results shown here correspond to the data displayed
in Figure 5 (right). For Experiment 2, note that the change-recollection
variable includes both changed activities conditionalized on change
recollection and control activities that were not conditionalized on
change recollection.
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The present study also showed that mnemonic prediction errors enhanced adults’ new learning. These
results extend those of action-observation studies with
infants and children showing that prediction errors
invite active learning (Gredebäck et al., 2018; Juvrud
et al., 2019; Stahl & Feigenson, 2015). Participants in
the present study looked earlier and more often to
repeated predivergence actions and changed postdivergence actions, suggesting that mnemonic prediction
errors stimulated encoding of changed features. This
view was also supported by the finding that change
recollection, which was strongly associated with facilitated memory updating, was also associated with predictive looking to earlier-contacted objects. The present
results therefore show that mnemonic prediction errors
facilitate encoding and retrieval of everyday events.
The role of prediction error in event-memory updating has been studied in various ways, leading to different outcomes and theoretical perspectives. Some
theories assume that prediction errors impair memory
when unfulfilled expectations lead to weakened representations of expected events (Kim et al., 2014) or
increases in intrusion errors (Sinclair & Barense, 2018).
These views are similar to models proposing that reactivating existing memories prior to new events destabilizes those memories (Exton-McGuinness et al., 2015;
Lee et al., 2017). Other theories posit that repeating
event features triggers retrieval of existing memories,
leading to predictions that associated stimuli will follow. However, when changes occur, prediction errors
stimulate encoding (Antony et al., 2021; Bein et al.,
2020; Chen et al., 2015; Greve et al., 2017; Wahlheim
& Zacks, 2019). The present findings are consistent with
the latter perspective. Evidence from looking proportions associated with error-driven updating converges
with results showing that neural reactivation of dynamic
naturalistic events is associated with improved encoding of changed activity features (Stawarczyk et al.,
2020).
One potential mechanism for the error-driven updating observed here is integrative encoding of event
representations. Interference theories predict that event
changes should impair memory (Anderson & Neely,
1996). However, there is mounting evidence that interference is mitigated when prior events are retrieved
and integrated with new events (Chanales et al., 2019;
Wahlheim & Jacoby, 2013). This integration may be
mediated partly by medial temporal structures that are
biased toward encode states by mnemonic prediction
errors (Bein et al., 2020). Another mechanism that
could operate simultaneously is integrative encoding
of eye-movement shifts from first- to second-contacted
objects after prediction errors. This is consistent with
the view that eye movements can become embedded
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in and support subsequent memory (Ryan et al., 2020;
Wynn et al., 2019). Such gaze-enhanced encoding
could be examined by restricting eye movements (e.g.,
Henderson et al., 2005) to determine whether preventing shifts between objects impairs memory for recently
contacted objects. Finally, although we have interpreted the present looking patterns as showing that
updating benefited from retrieval of activities before
changes appeared, it may have also benefited from
retrospective comparisons of activity features occurring
after changes appeared. Research is needed to understand how the timing of retrieval-and-comparison processes affects subsequent memory updating.
Although the current paradigm is more naturalistic
than many other memory-updating paradigms, some
features of the task limit its generalizability. Participants watched the actor perform everyday actions in a
distraction-limited environment, which differs from
everyday life in which viewing goals are dynamic and
susceptible to distractions. Also, the present movies
included an unfamiliar actor with specific demographic
characteristics, which differs from everyday life because
viewers also observe actions of actors of varying familiarity from various backgrounds. Future studies should
manipulate these variables to better assess the conditions under which mnemonic prediction errors are associated with facilitation in memory updating. Finally, the
present samples included only young adults from a
selective university. It is thus unclear how the results
would generalize to people of different ages whose
predictive-processing abilities vary and to people from
other cultures for whom the everyday activities are less
familiar.
In summary, while watching an actor perform naturalistic everyday actions, participants looked ahead to
earlier-contacted objects before action changes were
perceived. This predictive looking occurred more for
actions subsequently recollected to have changed, and
this was associated with better memory updating for
changed actions. These results support the view that
mnemonic prediction errors play a critical role in eventmemory updating by promoting more effective encoding and retrieval of changed activity features.
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