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time penalty for making predictions at progressively 
farther distances is specific to each cue and is not tied 
to the specific links being traversed (Fig. 5a, 5c).

To adjudicate between these two strategies, we mod-
eled response times using both a link model and a cue 
model, and tested which model better explained antici-
pation behavior (Fig. 5). We hypothesized that the link 
model would better predict response times in the antici-
pation task because we asked participants to generate 
stories about the sequences by creating links between 
the scene categories. In contrast, a cue-based model may 
be a more useful and efficient approach when sequences 
are nonoverlapping (so that transitions between states 
are not context-dependent) and when there is time 

pressure for very rapid responses (limiting the opportu-
nity to explicitly roll out future states with a link-based 
approach; Gershman, 2018). We also hypothesized that 
using a link model rather than a cue model would ben-
efit anticipation task performance, because the link 
model is analogous to a model-based strategy (Daw & 
Dayan, 2014), which is more computationally expensive 
but generally leads to higher accuracy than cue-based 
(caching) models (Momennejad et al., 2017).

Method
Analyses.  Using the data reported in Experiment 1 and 
Experiment 2, we created two different kinds of linear 

Fig. 5.  Schematic of possible anticipation strategies. On this sample trial (a), when a participant was cued with Scene 2 and probed 
with Scenes 3 and 4, they showed a slower-than-average response time (RT) when identifying that Scene 3 is coming up sooner in the 
sequence. The link model (b) would explain this poor performance as coming from a weak connection between Scene 2 and Scene 3 
(red arrow), and would therefore predict that any trial involving that link (such as being cued with Scene 1 and probed with Scenes 
4 and 5) would lead to a slower-than-average response time. The cue model (c), in contrast, assumes that the representation of each 
scene category contains cached information about upcoming scene categories that is used to make anticipatory judgments. The slow 
response time in (a) is therefore the result of a poor representation for Scene 2 (red circle), and any trial in which Scene 2 is the cue 
would lead to a slower-than-average response time.
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compressed representation of temporal structure (Tiganj 
et al., 2022)—become even more compressed over time. 
Thus, our work allows insights into how behavior may 
become increasingly adaptive with consolidation by 
allowing fast access to anticipated future events—par-
ticularly those that are further in the future.

We used our trial-type manipulation (valid, matching 
vs. invalid, mismatching perceptual filters) to probe the 
extent to which anticipation became less visually 
detailed over time, as predicted by theories of memory 
consolidation (Robin & Moscovitch, 2017; Sekeres et al., 
2018). A related prediction is that anticipated events 
should be represented in a more gist-like manner over 
consolidation (Dudai et al., 2015). One potential way of 
testing that with our design is by examining whether 
the effect of granularity changes with delay: When the 
two probes are close to each other in the sequence, 
judgments about which is nearer should be more chal-
lenging as a memory becomes more gist-like. Although 
we observed a general effect of granularity, we did not 
observe any interactions with delay. This does not rule 
out increasingly gist-like memories over time; instead, 
in our study, gist-like memories may be reflected primar-
ily in the loss of perceptual details rather than the loss 
of temporal precision in predicted events.

To further probe how temporal structure is represen
ted in memory, we drew inspiration from reinforcement- 
learning models to determine what types of internal 
models were most useful for anticipation, both imme-
diately and at a delay. Individuals tended to use a link-
based strategy (akin to a model-based representation) 
rather than a cue-based strategy (akin to a successor 
representation), and this preference for the link model 
over the cue model was present in both the immediate 
session and after consolidation. Critically, maintaining 
a link (vs. cue) model after consolidation predicted 
accuracy on the anticipation task. This finding dovetails 
with predictions of model-based learning: Such models 
are thought to lead to highly accurate representations 
postconsolidation because they store a fully connected 
internal model of an environment (Y. Liu et al., 2021; 
Wimmer et al., 2023). However, such models are com-
putationally expensive because they require an indi-
vidual to traverse individual links between states (Daw 
& Dayan, 2014). Thus, we propose that consolidation 
processes may be particularly adaptive because they 
allow the brain to maintain and stabilize—and perhaps 
make more efficient—computationally intensive 
representations.

Although we found that the link model was the opti-
mal internal model in our task, other tasks might be 
better solved with a cue model. Past studies have shown 
a preference for successor representation strategies 
(conceptually similar to our cue model) when short 

sequences end in monetary reward (Momennejad et al., 
2017). A cue-model preference may therefore emerge 
if sequences end in a goal location or a reward—
whereas in our task, the sequences were circular with-
out a salient endpoint. Further, including other features 
in the sequence, such as event boundaries, could lead 
to a model in which participants cache future states 
within an event and skip between event boundaries, 
rather than traversing each link separately (Michelmann 
et al., 2023). Finally, other models could contain infor-
mation about each item’s position within the sequence 
in addition to, or instead of, the links between succes-
sive items (Kalm & Norris, 2014).

Despite finding robust differences in memory for 
temporal structure between the immediate and delayed 
sessions, we failed to find further improvements from 
the 1-day to the 1-week delay. This may have occurred 
because participants repeatedly anticipated the same 
sequences across the experiment. Repeated retrieval 
may quicken memory consolidation (Antony et  al., 
2017). Indeed, repeated retrieval, compared to restudy, 
increases behavioral markers of semanticization after 
consolidation (Lifanov et al., 2021), and repeatedly test-
ing regularities in a statistical-learning task reduces 
forgetting of explicit memories over the course of con-
solidation (H. Liu et al., 2023). Repeated anticipation 
may have likewise hastened schematization processes, 
thus reducing differences between our 1-day and 
1-week conditions. In line with these theories, we 
found that repeated retrieval and a period of consolida-
tion both enhanced efficiency in our sequence- 
anticipation task. Practice and consolidation may  
therefore jointly contribute to retention of sequence 
memory: This has been well documented in the motor-
learning literature, which shows that motor sequence 
memory tends to first improve with training and then 
further improve with consolidation (Brawn et al., 2010). 
Our findings provide a novel extension of sequence- 
consolidation effects to the episodic-memory literature: 
we show that explicit judgments about temporally 
extended sequences of images are enhanced both with 
repeated practice and with consolidation.

Additionally, our findings that consolidation bene-
fited sequence memory is consistent with other recent 
work showing sleep-related improvements (followed 
by protracted forgetting) of memory for real-world 
sequences (Diamond et al., 2024). This pattern of results 
is similar to ours, and suggests that an initial consoli-
dation-related benefit may stabilize or decrease over 
time, with no subsequent improvement with longer 
delays. Thus, the lack of difference between our 1-day 
and 1-week conditions in the distance and granularity 
effects is consistent with these findings in that sleep-
related memory consolidation benefits do not show 
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further improvements over long delays (Diamond et al., 
2024). Despite the convergence of these findings, it is 
important to note that our findings may be limited to 
healthy younger adults. Future work could test the gen-
eralizability of this work to other samples.

Note that our sample was limited to healthy younger 
adults who were either undergraduate students or Pro-
lific workers. Future work should test the generaliz-
ability of our findings to more heterogeneous samples 
and to other age groups because the impact of con-
solidation is known to vary across the lifespan (Gui 
et  al., 2017). Further, future work can investigate 
whether sleep is critical for driving these consolidation 
effects and how prediction efficiency changes over 
much longer delays of months or years.

In summary, we showed that consolidation leads to 
efficient access of temporal structure in the service of 
multistep anticipatory judgments, but at the cost of 
perceptual details. Furthermore, postconsolidation 
maintenance of internal models that linked experienced 
events predicted accurate anticipation, raising the 
intriguing possibility that consolidation may increase 
the efficiency, accuracy, or stability of computationally 
intensive strategies. Together, our work shows how 
memories are maintained and transformed over time to 
prioritize representations of temporal structure at the 
expense of incidental perceptual features—allowing us, 
in turn, to anticipate likely upcoming events and behave 
adaptively in a complex world.
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