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Significance

 Do you ever find yourself driving 
without remembering how you 
got through the last set of 
intersections? If so, you 
experience the benefit of 
automaticity, that is performing a 
task without much conscious 
thought. The present study 
shows that our ability to drive 
automatically comes from quickly 
retrieving memories of what you 
did when driving through those 
intersections previously. By 
measuring intracranially electrical 
activity from the hippocampus, 
we could decode what 
information this memory 
structure of the brain was 
retrieving from memory. In 
addition, this happens faster and 
faster with learning, supporting 
crucial predictions of models that 
explain how we achieve 
automatic levels of performance. 
These findings show how we 
acquire skills and how our 
memory works in daily life.
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Automatic processing allows humans to perform tasks with minimal effort following 
learning. Although theories of automaticity propose that learning should result in faster 
processing, studies have universally found that learning reduces the amplitude of neural 
activity, not that it speeds neural activity. Here, we show that with intracranial activity 
recorded from the hippocampus of twenty-two humans, we could decode the target the 
participant was about to report faster across learning. Theta oscillations in the hippocam-
pus afforded faster decoding of the to-be-reported target as learning progressed, unlike 
in prefrontal and temporal regions of the cortex. Furthermore, hippocampal ripples (70 
to 180 Hz bursts) appear to support memory retrieval after learning established auto-
maticity. Our findings demonstrate that the hippocampus plays a key role in speeding 
memory retrieval of previous learning episodes as humans gain expertise, supporting a 
critical but untested prediction of learning theories.

automaticity | hippocampus | theta oscillation | intracranial EEG

 To investigate the neural dynamics of the hippocampus during the acquisition of auto-
maticity, we collected and analyzed intracranial electroencephalography (iEEG) data from 
neurosurgical patients engaged in a simple task that involved extensive practice ( 1   – 3 ). 
Our analysis included signals from the hippocampus, prefrontal cortex, and middle-temporal 
gyrus to compare hippocampal responses with other cortical brain structures. Employing 
multivariate pattern analysis, we extracted representation-specific information and iden-
tified the moments and locations where the brain represented the information that the 
participant was about to report. Our analysis focused on theta band oscillations (4 to 8 
Hz), which have been shown to play a critical role in learning and memory ( 4           – 10 ). 
Additionally, we analyzed ripple activity, commonly identified as high-frequency activity 
which is known to correlate with memory retrieval ( 11           – 17 ). 

Experiment 1

 Eighteen participants were instructed to memorize the random order of two fixed orien-
tations presented in succession on each trial of the experiment. After one left and one 
right titled grating stimulus were shown, participants were asked to report either the first 
or the second orientation as directed by a cue. They indicated the orientation by rotating 
a grating with a mouse (see  Fig. 1A   and Methods  for details). The two orientations were 
fixed across trials (e.g., 45 and 135°) to make the task simple and minimize the number 
of stimuli that the patients needed to learn during the task, allowing for the formation of 
automaticity through repeated visual-motor experience ( 1   – 3 ). The participants’ perfor-
mance improved over trials. Specifically, participants exhibited fewer errors and faster 
response times in the late stage (last 90 trials; mean errors = 13.2°, mean RT = 3,377 ms) 
compared to early stage (first 90 trials; mean errors = 16.2°, mean RT = 4,280 ms), t (17) 
= 2.14, P  = 0.048, Cohen’s d = 0.5 and t (17) = 2.76, P  = 0.013, Cohen’s d = 0.65, 
respectively.        

 We observed a reduction in power across multiple frequencies (ranging from 1 to 85 
Hz) following the presentation of memory items and the cue in the middle-temporal 
gyrus and prefrontal cortex. Importantly, in the hippocampus there was not a reduction 
in lower frequencies (<14 Hz). We did not observe significant differences in power for 
these brain areas when comparing the early with late stage. Detailed results can be found 
in Supplementary Information (SI Appendix, Fig. S1 ).

 Following cue presentation ( Fig. 1A  ), we used participants’ brain activity to decode 
the to-be-reported orientation from different brain regions over time. This was accom-
plished by employing a support vector machine (SVM) for multivariate classification 
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(see Methods  for details) to decode the orientation using theta 
band activity (4 to 8 Hz) distributed across electrode contacts 
within a set of brain areas: the hippocampus, middle-temporal 
gyrus, and prefrontal cortex ( Fig. 1D  ). In step one of our analy-
ses, the SVM decoding showed that cued orientation was initially 
represented in the middle-temporal gyrus (236 to 464 ms) and 
prefrontal cortex (324 to 512 ms), before being decoded from 
the hippocampus (1,100 to 1,408 ms; cluster-based permutation 
tests; P  < 0.05). This shows that during the initial learning trials 
in the early stage, the to-be-reported representation is present in 

cortical structures associated with working memory functions 
( 18   – 20 ), prior to being decodable within the hippocampal 
electrodes.

 As expected, based on prior learning studies ( 21 ,  22 ), we saw 
a significant increase in accuracy from the early to late stage as 
participants learned the task ( Fig. 1B  ). Instance theories predict 
that as instances accumulate in long-term memory, retrieval 
becomes progressively faster due to simple statistical sampling 
encapsulated in the logic of race models ( 23 ). Larger samples of 
runners in a race will have faster finishing times assuming similar 
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Fig. 1.   The procedure and results in Experiment 1. (A) Across all trials, participants were instructed to memorize two fixed orientations of gratings presented 
sequentially. They had to indicate the precise orientation of the cued target by rotating the probe grating with a mouse. The display presenting the cue is 
highlighted by a bold border. The onset of the cue is set as time 0 ms. (B) Intracranial EEG data were recorded while participants performed the simple task with 
increased efficiency across trials. The Right panel shows the mean response errors, with individual response errors represented by solid dots. (C) The locations 
of the recorded contacts in the hippocampus, middle-temporal gyrus, and prefrontal cortex. Solid dots indicate their respective locations. (D) Following the 
presentation of the cue, beginning at 0 ms, we employed a support vector machine (SVM; see Methods for details) classifier to decode cued orientation over 
time from oscillations in the theta band (4 to 8 Hz). Decoding accuracies for different brain regions in two stages (Top: early stage including the first 90 trials, 
Bottom: late stage including the last 90 trials) are presented. (E) Decoding accuracies are presented after grouping every 90 trials in steps of 30 trials into four 
blocks across different brain regions. Colored shaded areas around the lines represent ±1 SEM across all participants, and the horizontal bars indicate significant 
clusters following a cluster-based permutation test (P < 0.05). The gray segments on the X-axis denote the presentation of the cue.
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means and variance across runners ( 1 ,  24 ,  25 ). Competing 
accounts of automaticity make similar predictions about but pro-
pose that the strength of the task-related memories increases across 
learning resulting in faster memory retrieval ( 26 ). In the context 
of our task, this means that we should observe faster memory 
retrieval of the correct orientation following the cue that specifies 
which of the two orientations to report on that trial. Our results 
aligned with this prediction, revealing significantly faster decoding 
of the to-be-reported orientation within the hippocampus as the 
number of trials progressed. Specifically, we could decode the 
orientation in the hippocampus (212 to 732 ms), followed by the 
prefrontal cortex (752 to 900 ms), and subsequently the 
middle-temporal gyrus (1,132 to 1,344 ms; cluster-based permu-
tation tests; P  < 0.05) in the late stage of the experiment. These 
findings indicate increasingly rapid hippocampal decoding as 
participants became more proficient at this simple orientation 
reporting task, aligning with the predictions of instance theories 
of automaticity, which make specific predictions about the timing 
of retrieval as learning advances.

 To statistically confirm this conclusion, we selected the peak 
latency within significant decoding clusters for each participant 
and entered these values into a two-way ANOVA with factors of 
learning stage (early vs. late) and brain region (hippocampus, 
middle-temporal gyrus, and prefrontal cortex). The analysis 
revealed significant main effects for both learning stage, F (1,8) = 
22.45, P  = 0.001, ηp﻿

2  = 0.74 and brain region, F (2,16) = 37.91, 
﻿P  < 0.001, ηp﻿

2  = 0.83, as well as a significant interaction, F (2,16) 
= 332.63, P  < 0.001, ηp﻿

2  = 0.98. This interaction underscores the 
dynamic temporal shift in the hippocampus’s role during the task, 
highlighting its increasing importance in memory retrieval as 
learning progresses.

 How finely grained can we see the effects of learning speeding 
retrieval in the hippocampus? To observe the temporal dynamics 
of learning with higher temporal fidelity, we grouped trials in 
blocks of 90, and shifted them by 30 trials (1 to 90; 31 to 120; 
61 to 150; 91 to 180), and then conducted decoding analyses. As 
illustrated in  Fig. 1E  , the results showed that across practice we 
could decode the to-be-reported orientation from the hippocam-
pus as progressively earlier timepoints. Specifically, the cued ori-
entation was significantly decodable from the hippocampus during 
the interval from 1,100 to 1,408 ms post–cue onset for block one, 
the interval from 576 to 848 ms post–cue onset for block two, 
the interval from 348 to 508 ms post–cue onset for block three, 
and the interval from 212 to 732 ms post–cue onset for block four 
(cluster-based permutation tests, P  < 0.05).

 For the neocortex (middle-temporal gyrus and prefrontal cor-
tex), a reversed pattern was observed. Orientation represented in 
the middle-temporal gyrus was decoded during the interval from 
236 to 464 ms post–cue onset for block one, the interval from 980 
to 1,100 ms post–cue onset for block three, and the interval from 
1,132 to 1,344 ms post–cue onset for block four (cluster-based 
permutation tests, P  < 0.05). Orientation was decoded in the 
 prefrontal cortex in the interval from 324 to 512 ms post–cue onset 
for block one, the interval from 912 to 1,016 ms post–cue onset 
for block two, the interval from 804 to 1,024 ms post–cue onset 
for block three, and the interval from 752 to 900 ms post–cue 
onset for block four (cluster-based permutation tests, P  < 0.05). 
Notably, instead of 90 trials per block, these results pattern held 
when grouping trials into blocks of 60 with no overlapping trials 
across blocks.

 Previous functional MRI studies of learning have shown 
reduced activity in these structures across learning ( 27 ,  28 ), but 
lacked the methods to determine whether the latency was chang-
ing. Here, we see that decoding reveals that the neural activity did 

change its latency, but in a direction that is opposite of the speed 
up of response time with learning. Overall, the present findings 
are consistent with the predictions laid out by the computational 
model of instance theory which proposes that memory representa-
tions compete to retrieve the appropriate stimulus–response map-
ping given the sequence of stimuli on that trial ( 1 ,  24 ). This theory 
says that long-term memory retrieval should speed up as observers 
give up on using representations in working memory to perform 
the task, and we observed faster decoding in long-term memory 
structures (i.e., the hippocampus), but slower decoding in human 
brain areas linked to working memory (such as prefrontal cortex).

 Hippocampal ripples are high frequency oscillations first iden-
tified in rodents ( 16 ,  29 ), but also observed in humans ( 11 ,  13 , 
 17 ). These ripples appear to be related to the retrieval of memories 
( 12 ,  14 ,  15 ), with iEEG recordings in humans showing that rip-
ples predict successful recall ( 12 ,  14 ,  15 ). This provides us with 
an additional test of the predictions of theories of automaticity. 
Specifically, we expect to observe an increase in sharp-wave ripples 
in the hippocampus across learning, particularly during the period 
of the trial in which participants need to retrieve the task-appropriate 
response given the stimulus sequence on that trial.

 We identified ripple activity from the raw iEEG signals, which 
were bandpass filtered in the 70 to 180 Hz range ( 12 ) across all 
contacts for each participant ( Fig. 2A  ; for details, see Methods ). 
Subsequently, we calculated ripple rates, defined as the frequency 
of ripples per second, for both the immediate and delayed retrieval 
periods separately. As shown in  Fig. 1D  , for each brain region, the 
orientation representation could be decoded at different times for 
each learning stage in each brain region. Accordingly, we defined 
the early significant decoding cluster as the immediate retrieval 
period and the late significant decoding cluster as the delayed 
retrieval period, separately for each brain region. This definition is 
supported by prior research showing that the emergence of func-
tional ripples coincides with above-chance decoding ( 12 ,  30 ,  31 ). 
These findings guided our selection of specific time windows for 
analyzing ripple rates, aligning them with significant decoding 
clusters.        

 We next conducted a repeated-measures ANOVA with factors 
(learning stage: early vs. late; retrieval period: immediate vs. 
delayed) on ripple rates for different brain regions separately 
( Fig. 2A  ). There were no significant interactions for the hippocam-
pus, F (1,14) = 0.05, P  = 0.825, ηp﻿

2  < 0.01, prefrontal cortex, 
﻿F (1,10) = 0.84, P  = 0.381, ηp﻿

2  = 0.08, and middle-temporal gyrus, 
﻿F (1,14) = 0.41, P  = 0.534, ηp﻿

2  = 0.03); nor main effects of learning 
stage for the hippocampus, F (1,14) = 3.75, P  = 0.073, ηp﻿

2  = 0.21, 
prefrontal cortex, F (1,10) = 0.83, P  = 0.385, ηp﻿

2  = 0.08, and 
middle-temporal gyrus, F (1,14) = 1.39, P  = 0.259, ηp﻿

2  = 0.09. Yet, 
there was a significant main effect of retrieval period for the hip-
pocampus, F (1,14) = 6.95, P  = 0.02, ηp﻿

2  = 0.33, and prefrontal 
cortex, F (1,10) = 10.69, P  = 0.008, ηp﻿

2  = 0.52, but not for the 
middle-temporal gyrus, F (1,14) = 0.54, P  = 0.474, ηp﻿

2  = 0.04. In 
general, ripple rates in the hippocampus increased from the delayed 
retrieval period to the immediate retrieval period, consistent with 
the instance theory predictions that more instances of task practice 
will result in faster retrieval of the appropriate representations from 
long-term memory ( Fig. 2A  ).

 Parallel to the decoding analyses presented previously, we next 
determined how granularly we could see the increase in ripple rates 
across learning. To examine this, we divided trials into six subsec-
tions, each containing 30 trials, and conducted a repeated-measures 
ANOVA with subsection as a factor on ripple rates during the imme-
diate retrieval period. The results revealed a significant effect for the 
hippocampus, F (1,5) = 2.38, P  = 0.048, ηp﻿

2  = 0.15 ( Fig. 2B  ); but 
not for the prefrontal cortex F (1,5) = 0.55, P  = 0.735, ηp﻿

2  = 0.05, D
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and middle-temporal gyrus, F (1,5) = 1.2, P  = 0.317, ηp﻿
2  = 0.08 

(SI Appendix, Fig. S3 ). Additionally, the change in ripple rate fit a 
linear model (R﻿2  = 0.62), with a positive slope larger than zero (P  = 
0.033, one-tailed). That is, as the number of trials progressed, the 
ripple rate during the immediate retrieval period increased from 
early to late stage of learning the task, confirming a shift over time 
in the role of the hippocampus to speed memory retrieval after 
established automaticity. The linear increase in ripple rates in the 
hippocampus was driven by a sudden increase in the last bin (trials: 
151 to 180), indicating a stable retrieval function for the hippocam-
pus during this period. Overall, ripple rates in the hippocampus 
increased progressively as participants became more automatic at 
performing the task.

 The previous analysis showed that ripple rates increase from the 
early to late stage of learning the task. However, these neural 
metrics of retrieval may also correlate with differences in task 
performance across participants. To investigate this, we calculated 
the Spearman correlation over participants between the reduction 
in response errors (late stage minus early stage) and the increase 

in ripple rates (immediate retrieval period in the late stage minus 
delayed retrieval period in the early stage). This analysis revealed 
a negative correlation for the hippocampus, r  = −0.64, P  = 0.012 
( Fig. 2C  ), but not for the prefrontal cortex, r  = −0.12, P  = 0.734, 
and the middle-temporal gyrus, r  = 0.05, P  = 0.873.

 In Experiment 1, using machine learning to decode the presence 
of useful neural information from intracranial recordings of the 
human brain, we successfully decoded the to-be-reported orien-
tation given the response cue from the theta power across electrode 
contacts in the hippocampus, middle-temporal gyrus, and pre-
frontal cortex. In the early stage of learning (i.e., the first 90 trials), 
the to-be-reported orientation was initially decoded from the 
neocortex (middle-temporal gyrus and prefrontal cortex) before 
being decoded from the hippocampus. This pattern was reversed 
for the late stage of learning (i.e., the last 90 trials), where the 
orientation was initially decoded from the hippocampus before 
being decoded from the neocortex. We also observed hippocampal 
ripple rates showed a linear increase over time during the imme-
diate retrieval period from the early to late learning stage. This 
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provides converging evidence supporting the predictions of 
instance theories of learning that propose that skill acquisition is 
due to faster and more potent memory retrieval across trials.  

Experiment 2

 Although a temporal shift in hippocampal decoding was observed 
from the early to late stages in Experiment 1, we also found activity 
in the prefrontal cortex and middle-temporal gyrus—regions not 
typically assumed to be involved in automaticity ( 26 ,  32 ,  33 ). This 
raises the possibility that the limited training in Experiment 1 (180 
trials) may have been insufficient for participants to achieve true 
automaticity. To address this, Experiment 2 involved four new 
participants who had contacts recorded from the hippocampus 
and prefrontal cortex. It implemented an extensive training process 
involving 1,620 trials across nine training sessions, followed by a 
test session over three consecutive days. Each training session com-
prised 180 trials, adhering to the same procedure as Experiment 
1. The test session, also comprising 180 trials, presented only the 
numerical cue, requiring participants to recall memorized orien-
tations from the training sessions without the grating presentation 
( Fig. 3A  ). This task required participants to rely entirely on internal 
representations developed through automaticity.        

 We first examined whether the main results from Experiment 1 
could be replicated. Behaviorally, the four participants exhibited 
response errors of 4.90°, 3.78°, 7.35°, and 7.91° in the early stage, 
and 4.68°, 3.72°, 5.30°, and 8.65° in the late stage ( Fig. 3B  ). Although 
three out of four participants showed reduced response errors in the 
late stage compared to the early stage, the differences did not reach 
statistical significance, t  < 1. However, notably, in the early stage, the 
cued orientation was initially represented in the prefrontal cortex 
(364 to 676 ms) before being decoded from the hippocampus (800 
to 1,076 ms; cluster-based permutation tests; P  < 0.05, see  Fig. 3C  ). 
This temporal hierarchy reversed in the late stage, with hippocampal 
representations preceding prefrontal ones (92 to 480 ms vs. 956 to 
1,268 ms, respectively; cluster-based permutation tests; P  < 0.05). 
This bidirectional temporal shift mirrors our core finding that 
increasingly rapid hippocampal decoding emerges as participants 
become more proficient at orientation reporting. Importantly, this 
pattern was observed across all participants ( Fig. 3C  ), even for the 
one participant who did not exhibit a behavioral effect. Additionally, 
ripple rates in the hippocampus progressively increased during the 
immediate retrieval period as participants became more automatic 
in performing the task, F (1,5) = 3.52, P  = 0.026, ηp﻿

2  = 0.54, aligning 
with the observations from Experiment 1.

 We further examined the data recorded across 9 training ses-
sions. Behaviorally, the response errors for training sessions 1 to 
9 were as follows: 9.93°, 5.39°, 5.84°, 6.56°, 5.39°, 5.01°, 4.31°, 
6.63°, and 5.91° ( Fig. 4 A  , Left  panel). Response times for the 
same sessions were 1,563 ms, 1,514 ms, 1,397 ms, 1,328 ms, 
1,335 ms, 1,303 ms, 1,193 ms, 1,172 ms, and 992 ms, respectively 
( Fig. 4 A  , Right  panel). We conducted repeated-measures ANOVAs 
on response errors and response times, with the number of training 
sessions as a factor. Significant effects were observed for response 
errors, F (1,8) = 4.48, P  = 0.002, ηp﻿

2  = 0.6, and response times, 
﻿F (1,8) = 2.99, P  = 0.018, ηp﻿

2  = 0.5. As illustrated in  Fig. 4 A  , Left  
panel, participants’ response errors already reached a plateau after 
the first training session in this simple orientation recall task. This 
was confirmed by follow-up comparisons: Response errors in the 
first training session were significantly larger than those in sessions 
two, three, five, seven, and nine, all t s > 3.3, p s < 0.046. In con-
trast, response times showed a significant linear decrease over 
training sessions (R﻿2  = 0.97), with a positive slope significantly 
smaller than zero (P  < 0.001). These findings suggest that while 

participants’ accuracy stabilized early during training, their 
response speed continued to improve with extensive practice, indi-
cating ongoing facilitation in task execution.        

 Notably, in the test session, response errors and response times 
were 6.30° and 984 ms, respectively, showing no significant differ-
ences from those in training session nine, both t s < 1. This finding 
suggests that, following extensive training, participants achieved 
automaticity in memory retrieval, enabling them to recall the cued 
orientation solely from internal memory representations.

 To examine neural representations of cued orientation in the 
hippocampus and prefrontal cortex across different sessions, we 
performed comprehensive decoding analyses spanning training 
sessions two to nine and the test session. As shown in  Fig. 4B  , 
hippocampal decoding consistently emerged during early time 
windows following cue presentation. Specifically, significant 
decoding windows were observed at 268 to 540 ms, 316 to 700 
ms, 152 to 560 ms, 160 to 524 ms, 344 to 676 ms, 404 to 564 
ms, 180 to 460 ms, and 212 to 364 ms for training sessions two 
to nine, respectively, and at 4 to 356 ms for the test session 
(cluster-based permutation tests; P  < 0.05). These results highlight 
stable early engagement of the hippocampus after training. 
Following the hippocampal representation of the cued orientation, 
decodable signals were detected in the prefrontal cortex, but only 
during training sessions two to seven, at 912 to 1,300 ms, 912 to 
1,300 ms, 884 to 1,340 ms, 936 to1,208 ms, 960 to 1,160 ms, 
and 1,028 to 1,196 ms, respectively (cluster-based permutation 
tests; P  < 0.05). This dissociation reflects a fundamental transition 
in memory systems as automaticity develops. Initially, task per-
formance relies on both hippocampal processing and prefrontal 
cortex engagement. However, as skills consolidate and automatic-
ity is achieved, the task becomes dependent solely on hippocampal 
processing, while prefrontal contributions diminish entirely. The 
persistent hippocampal decoding across all sessions underscores 
its continued role in automated memory retrieval, whereas the 
absence of prefrontal signatures in later sessions marks the cessa-
tion of its supervisory control after skill consolidation ( 27 ).

 Notably, we also aimed to investigate what specific information 
was being decoded from neural activity. To this end, we attempted 
to decode the duration of the mouse response execution (i.e., the 
time taken to complete the mouse movement) to assess whether the 
hippocampus and other structures were encoding response-related 
processes. However, our analyses revealed that neural activity exclu-
sively encoded the stimulus itself, rather than the response duration 
for each trial (SI Appendix, Fig. S5 ).

 After prefrontal contributions diminished, we hypothesized that 
task performance in training sessions eight, nine, and the test 
session became solely dependent on hippocampal processing. 
Specifically, we predicted that hippocampal ripples—known to 
support memory retrieval processes ( 12 ,  14 ,  15 )—would correlate 
with participants’ behavioral performance, underscoring their 
central role in recall. To test this, we divided all trials into two 
groups: those with ripple occurrences and those without, and 
compared response times, which had significantly decreased over 
extensive practice. The results confirmed our hypothesis. In these 
later sessions, trials with hippocampal ripple occurrences exhibited 
significantly faster response times compared to those without 
(training session eight: mean reduction in RT = 37 ms, t (3) = 5.67, 
﻿p  = 0.011, Cohen’s d = 2.83; training session nine: mean reduction 
in RT = 27 ms, t (3) = 3.24, p  = 0.048, Cohen’s d = 1.62; test 
session: mean reduction in RT = 72 ms, t (3) = 8.07, p  = 0.004, 
Cohen’s d = 4.03). Notably, this effect was absent during training 
sessions one through seven (t s < 2.6, p s > 0.08), suggesting that 
hippocampal ripples began mediating the speed of memory 
retrieval only after prefrontal contributions had ceased.  D
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Discussion

 The findings from our experiments highlight the dynamic role of 
hippocampal ripples in retrieval during automaticity. In 
Experiment 1, after 180 trials of practice, ripple rates increased 

from the early to late stages, and were negatively correlated with 
the reduction in response errors across participants (n = 14). 
However, as data collection involved epilepsy patients in a unique 
clinical setting, the limited sample size necessitates caution when 
interpreting these correlation results. In Experiment 2, we further 
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demonstrated that as prefrontal contributions diminished, task 
performance in the later training sessions (eight, nine, and the test 
session) relied exclusively on hippocampal processing. Trials with 
hippocampal ripple occurrences exhibited significantly faster 
response times than those without. These findings suggest a shift 
in increased reliance on hippocampal ripples to support efficient 
memory retrieval following extensive practice, consistent with 
prior studies linking ripple activity to memory retrieval (e.g.,  12 , 
 34 ).

 Notably, the methods used to detect ripples remain a topic of 
debate ( 35 ). While Liu et al. provide guidelines for distinguishing 
hippocampal sharp wave ripples from other fast oscillations, ques-
tions persist regarding the classification and functional roles of 
these activities. For instance, it has been proposed that multiple 
categories of high-frequency oscillations may exist and that hip-
pocampal ripples could represent computations distinct from 
similar activity in other brain regions. This raises the need to clarify 
whether the observed ripple dynamics reflect a homogeneous or 
region-specific phenomenon. Future studies should consider alter-
native detection methods and incorporate region-specific analyses 
to better understand the role of ripples in learning and memory. 
Nevertheless, the ripple detection approach we employed aligns 

with widely used methods in prior human memory research (e.g., 
 12 ). Our results clearly demonstrate a temporal progression of 
ripple activity as learning advances, underscoring their critical role 
in memory retrieval during the transition to automaticity.

 Automaticity is traditionally thought to involve regions such 
as the basal ganglia, which are associated with procedural memory 
( 36     – 39 ), this does not entirely rule out the possibility that in 
healthy individuals, the hippocampus plays a role in the acquisi-
tion of automaticity, given its well-established link to long-term 
memory formation ( 40   – 42 ). It is possible that the earlier retrieval 
signals we observed in the hippocampus reflect interactions with 
basal ganglia circuits, even if we could not record these directly. 
Moreover, theories such as the competitive memory systems 
framework suggest a dynamic interplay between the hippocampus 
and basal ganglia, particularly during the transition from con-
trolled to automatic processing ( 43 ). This emphasizes that hip-
pocampal changes may occur in concert with changes elsewhere 
in the brain.

 In our study, we demonstrate that during task learning infor-
mation is available in the hippocampus about the to-be-reported 
stimulus earlier and earlier in time. This is a test of the predic-
tions of theories of automaticity using the high temporal and 
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spatial resolution of human iEEG. Moving forward, future 
research should focus on investigating the specific mechanisms 
underlying the dynamic changes during automaticity in the 
hippocampus.  

Methods

The present study was conducted according to the latest version of the Declaration 
of Helsinki and approved by the Medical Ethics Committee of Guangdong Sanjiu 
Brain Hospital (2023–02–006).

Participants. Eighteen patients (14 males and 4 females, ages 12 to 42 y) at 
Guangdong Sanjiu Brain Hospital participated in Experiment 1, and 4 patients 
(2 males and 2 females, ages 22 to 37 y) at Guangdong Sanjiu Brain Hospital 
and University of Hongkong Shenzhen Hospital participated in Experiment 2. All 
patients were implanted with clinical depth electrodes for diagnostic purposes 
only as part of their evaluation for neurosurgical epilepsy treatment. Each depth 
electrode (0.8 mm in diameter) had 8, 10, 12, 14, or 16 contacts that were 1.5 
mm apart and 2 mm in contact length. All participants gave verbal or written 
informed consent to participate in research.

Paradigm and Design. In Experiment 1, each trial began when the participant 
initiated it by pressing the spacebar. Afterward, as illustrated in Fig. 1A, a fixation 
point was presented for 300 ms, followed by the first sine-waved grating (radius 
= 1.25 degree; frequency = 7 Hz) for another 300 ms. After the presentation 
of a mask (for 100 ms) and a delay (1,200 ms), the second grating was then 
presented for 300 ms, followed by another mask (100 ms) and delay (1,200 
ms). Participants were asked to memorize the orientations of these two gratings. 
Subsequently, a numerical cue (presented for 500 ms) indicating which grat-
ing’s orientation had to be reported, followed by a delay of 1,500 ms. A probe 
grating with an orientation of either 0 or 90° was presented until response, 
and participants were asked to utilize a mouse to rotate the test grating to the 
memorized orientation. If the response time was less than 3,000 ms, a blank 
display was presented for up to 3,000 ms. Feedback was provided, indicating 
the difference between the chosen and correct orientation. The experimental 
script for stimulus presentation and behavioral data collection was written in 
Psychtoolbox (44) on MATLAB (version 2021b; The MathWorks Inc., Natick, MA).

Notably, the two gratings were presented sequentially. The orientation of the 
first grating was selected from one of two ranges: 25 ± 10° (i.e., 15 to 35°) or 45 
± 10° (i.e., 35 to 55°). Similarly, the orientation of the second grating was chosen 
from 155 ± 10° (i.e., 145 to 165°) or 135 ± 10° (i.e., 125 to 145°). Orientation 
selection was counterbalanced across participants, and once assigned, the specific 
orientations remained fixed throughout the experiment. For example, if the third 
participant was assigned the orientations 27° and 153°, they encountered these 
stimuli in all trials. Response errors were calculated relative to these absolute 
values. Participants completed 10 practice trials followed by two learning stages, 
each consisting of 90 trials.

Experiment 2 comprised ten sessions conducted over three consecutive days, 
including nine training sessions and one test session. Each training session con-
sisted of 180 trials, following the same procedure as in Experiment 1, resulting in 
a total of 1,620 trials across the training sessions. The test session also contained 
180 trials; however, only the numerical cue was presented, requiring participants 
to recall the memorized orientations from the training sessions without the grat-
ing presentation (Fig. 3A).

Recordings and Preprocessing. The intracranial EEG (iEEG) recordings were 
acquired using a Nihon Kohden system at a sampling rate of 500, 1,000, or 2,000 
Hz. A common contact, used as the reference for the online recording data, was 
placed subcutaneously and recorded simultaneously with the depth electrodes. 
The offline preprocessing was performed in MATLAB 2021b (MathWorks Inc), 
using EEGLAB (45), along with in-house MATLAB code. Contacts within each elec-
trode that were deemed noisy or corrupted contacts upon visual inspection, were 
excluded from further analysis. Signals were rereferenced to the average activity 
across all contacts (46), and then resampled at 250 Hz. We removed 50 Hz power 
line noise prior to subsequent analyses using Hamming-windowed FIR filters 
(order of 180), and then high-pass filtered the data above 0.3 Hz using a second-
order Butterworth filter. Continuous iEEG was segmented in epochs from −4,700 
ms to 4,500 ms relative to the cue onset. Epochs were baseline-normalized by 

using the whole epoch as baseline to improve signal-to-noise ratio (47). For 
behavioral analysis, we calculated memory performance by taking the absolute 
value of the difference between the target value and the response value, referred 
to as response errors.

In Experiment 2, due to the limited number of patients included, we 
excluded trials where response times exceeded 10 s or where no mouse 
response was recorded. Subsequently, response times were log-transformed 
for analysis.

Removing Potential Contacts Contaminated By Epileptiform Activity. To 
identify trials in which transient epileptiform activity may be present, we exam-
ined iEEG recordings captured from electrodes. In previously published work, 
epileptiform artifacts were identified by looking for trials displaying excessive 
variance or kurtosis in the iEEG signal (14, 48). We calculated and sorted the 
mean iEEG voltage across all trials and divided the distribution into quartiles. We 
identified trial outliers by setting a threshold, Q3+w*(Q3−Q1), where Q1 and 
Q3 are the mean voltage boundaries of the first and third quartiles, respectively. 
A team of epileptologists empirically determined the weight w to be 2.3. We 
excluded all trials with mean voltage that exceeded this threshold. The average 
percent removed across all sessions in each participant due to either system-level 
noise or transient epileptiform activity was 1.4 ± 3.26% of all electrodes and 0.93 
± 1.68% of all trials in Experiment 1, and 3.24 ± 1.53% of all electrodes and 
5.72 ± 4.31% of all trials in Experiment 2.

Contact Reconstruction and Localization. We collected 2301 depth recording 
contacts (127.8 ± 35.2 per subject) and 702 depth recording contacts (175.5 ± 
31.2 per subject) in Experiments 1 and 2, respectively. To localize their precise 
positions in the brain, we first registered postoperative computed tomography 
(CT) images to preoperative T1-weighted MR images using FreeSurfer v6.0.0 (49), 
following the iElvis pipeline (50). We inspected the quality of the registration and 
manually labeled each contact location on the T1-registered CT images, which 
were then mapped onto a standard MNI space (Fig. 1C). To further determine the 
exact contact locations belonging to different brain regions, we assigned contact 
MNI coordinates to each brain region according to FreeSurfer’s automatic parcel-
lation. We went through each contact and assigned the closest cortical/subcortical 
label for each region of interest (ROI), i.e., hippocampus (70 and 48 contacts 
in Experiments 1 and 2, respectively), middle-temporal gyrus (273 contacts in 
Experiment 1), and prefrontal cortex (196 and 149 contacts in Experiments 1 
and 2, respectively).

Time Frequency Analysis. To extract the power for the whole frequency bands 
(ranging from 1 to 120 Hz), preprocessed iEEG epochs (−4,700 ms to 4,500 
ms relative to the cue onset) were convolved with a set of Morlet wavelets. The 
number of cycles of each wavelet was logarithmically spaced between 4 and 20 
to strike a good balance between temporal and frequency precision. We used 1 
or 5 Hz as a step to obtain frequency power for low (1 to 30 Hz) or high (35 to 
120 Hz) frequencies, respectively. The power values within our focused epochs 
(−3,700 ms to 2,000 ms relative to the cue onset; avoiding edge artifacts from 
wavelet convolution) were z-scored by subtracting the average value and dividing 
by the SD across all epochs (trials). To accurately compare power between learning 
stages, we subtracted the mean power from −500 ms to −300 ms prior to the 
first grating stimulus for each stage.

Decoding Cued Orientation. We employed a Support Vector Machine (SVM) 
approach to create two classifiers aimed at distinguishing between two distinct 
orientations over time following the presentation of the cue. The error-correcting 
output codes (ECOC) were used to decode the orientation information, effectively 
addressing multiclass categorization problems by aggregating results from mul-
tiple binary classifiers. The ECOC model was implemented through the ‘fitcecoc()’ 
function in MATLAB. For each orientation, separate trials were selected for training 
and testing. Specifically, the SVM decoding at each time point involved a threefold 
cross-validation procedure, where data from 2/3 of the trials (selected randomly) 
were used to train the classifier. Subsequently, the performance of the classi-
fier was evaluated using data from the remaining 1/3 of trials. To mitigate any 
potential biases associated with trial assignment to groups, we iterated the entire 
procedure 10 times, each with new random assignments of trials to the three 
groups (for more details, see ref. 51). This SVM decoding analysis was conducted 
separately for different learning stages and frequency bands.D
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To assess decoding accuracy against chance level (50%) at each time point 
while controlling for multiple comparisons, we used a cluster-based permu-
tation test against a null-distribution shuffled from 1,000 iterations using a 
Monte Carlo randomization procedure. Specifically, a one-tailed t test was per-
formed against 0.5 to identify above-chance accuracy, and time windows with 
t-values larger than a threshold (at P = 0.05) were combined into contiguous 
clusters based on adjacency. The cluster statistics were calculated as the sum 
of the t values within each cluster. To create a null distribution of clusters, the 
SVM procedure was iterated 1,000 times, with the orientation labels rand-
omized and assigned to each trial to ensure independence from observed 
responses. The largest clusters for random orientation labels were identified 
per iteration, forming the null distribution of clusters. Clusters were determined 
to be significant if their cluster statistics exceeded the 95th percentile of the 
null distribution.

We also analyzed other frequency bands, including the delta (1 to 3 Hz), alpha 
(8 to 12 Hz), beta (13 to 30 Hz), slow (35 to 60 Hz), and fast gamma bands (60 to 
120 Hz). In those frequency bands we were unable to obtain robust decoding in the 
hippocampus, middle-temporal gyrus, and prefrontal cortex (SI Appendix, Fig. S4).

Ripple Activity. In addition to system-level line noise, eye-blink artifacts, sharp 
transients, and interictal epileptiform discharges (IEDs) may erroneously be identi-
fied as ripples after high-pass filtering. To mitigate this issue, we implemented a pre-
viously reported automated trial-level artifact rejection method (13). This involved 
calculating a z-score for each time point based on both the gradient (first derivative) 
and amplitude after applying a 250 Hz high-pass filter (primarily for epileptogenic 
spike identification). Any time point exceeding a z-score of 5 for either gradient 
or high frequency amplitude was flagged as artifact, with an additional 100 ms 
time window before and after each identified time point also classified as artifact.

To detect ripple activities, we initially bandpass filtered the iEEG signals (res-
ampled at 1,000 Hz to accommodate the high frequency ripples, except for one 
participant whose raw signal was sampled at 500 Hz and was not resampled) 
within the predefined ripple band (70 to 180 Hz; see ref. 12 using a twenty-order 
finite filter. Subsequently, we extracted the instantaneous voltage within this 
ripple band for each trial. We selected time points where the voltage exceeded 
or fell below 2.5 SDs from the mean voltage of the filtered trials. Only events 

(successive time points) that were at least 25 ms in duration and exhibited a 
maximum voltage exceeding or a minimum voltage dropping below 3 SDs were 
retained as ripples for further analysis, in line with procedures employed in pre-
vious studies (14, 52). Adjacent ripples separated by less than 15 ms were com-
bined (53). We identified each ripple meeting these criteria and assigned each 
identified ripple a start time index and an end time index. The duration of each 
ripple was defined as the difference between these indices. We only considered 
ripples whose median duration fell within the significant clusters obtained from 
the SVM decoding results and computed the ripple rates (i.e., the frequency of 
ripple activities per second) during this period. This ensured a fair comparison 
between different clusters, considering their varying lengths in time.

Data, Materials, and Software Availability. Code and behavioral data have 
been deposited in Github (https://github.com/Zoeezhang/Automaticity-speeds-
the-retrieval-of-instances-from-the-human-hippocampus) (54). We have agreed 
that anonymized intracranial EEG data supporting the findings of this study will 
also be made available. All of these data will be uploaded to GitHub.
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