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Abstract Electrophysiological data disclose rich dynamics in patterns of neural activity evoked
by sensory objects. Retrieving objects from memory reinstates components of this activity. In
humans, the temporal structure of this retrieved activity remains largely unexplored, and here we
address this gap using the spatiotemporal precision of magnetoencephalography (MEG). In a
sensory preconditioning paradigm, 'indirect’ objects were paired with 'direct' objects to form
associative links, and the latter were then paired with rewards. Using multivariate analysis methods
we examined the short-time evolution of neural representations of indirect objects retrieved during
reward-learning about direct objects. We found two components of the evoked representation of
the indirect stimulus, 200 ms apart. The strength of retrieval of one, but not the other,
representational component correlated with generalization of reward learning from direct to
indirect stimuli. We suggest the temporal structure within retrieved neural representations may be
key to their function.

DOI: 10.7554/eLife.04919.001
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elLife digest Seeing an object triggers a complex and carefully orchestrated dance of brain
activity. The spatial pattern of the brain activity encoding the object can change multiple times even
within the first second of seeing the object. These rapid changes appear to be a core feature of how
the brain understands and processes objects.

Yet little is known about how these patterns unfold through time when we remember an object.
Remembering, or retrieving information about objects, is how we use our knowledge of the world
to make good decisions. It is not clear whether, during remembering, there are rapid changes in the
patterns similar to those that happen when directly seeing an object. Mapping brain activity during
remembering could help us understand how stored information can guide decisions.

Using recently developed methods in brain imaging and statistics, Kurth-Nelson et al. found
that two distinct patterns of brain activity appeared when viewing particular objects. One occurred
around 200 milliseconds after viewing an object, and the other appeared a bit later, by about
400 milliseconds. Later, when remembering the object, these patterns reappeared in the brain, but
at different points in time. Furthermore, these two patterns had distinct roles in learning associated
with the objects to guide later decisions.

This work shows that rapid changes in the pattern of neuronal activity are central to how stored
information is retrieved and used to make decisions.

DOI: 10.7554/eLife.04919.002

At retrieval, recent studies have explored the fast evolution of neural representation. EEG studies
provide evidence that some information is retrieved as early as 300 ms following a cue (e.g., Johnson
et al., 2008; Yick and Wilding, 2008; Wimber et al., 2012). Manning et al. (2011), (2012), using
electrocorticography, and Jafarpour et al. (2014), using MEG, showed that oscillatory patterns are
also reinstated during retrieval; in two of these studies the predominance of low oscillatory frequen-
cies in reinstatement suggests a potential spectral signature.

However, the dynamics of representation during direct experience of an object have never been
tied to the dynamics of retrieval. It is not known which of the patterns evoked in sequence by direct
experience are reinstantiated during retrieval, what the temporal relationship is in their retrieval, or
what functional significance this has.

Recent advances in multivariate methods for MEG have greatly improved our ability to discern fast-
changing distributed representations in humans (Carlson et al., 2013; Cichy et al., 2014, Jafarpour
et al., 2013, 2014; van de Nieuwenhuijzen et al., 2013; Sandberg et al., 2013). Here, we apply
these methods to a simple sensory preconditioning task adapted from Wimmer and Shohamy (2012).
Sensory preconditioning is a well-established paradigm in which subjects first form an association
between two stimuli (‘"direct’ or Sy and ‘indirect’ or S;) and then form an association between the direct
stimulus and a reward (Brogden, 1939). Generalization of value to the indirect stimulus is evidence of
retrieving the learned association (Gewirtz and Davis, 2000). Using fMRI, Wimmer and Shohamy
(2012) showed that neural representations of the associated indirect stimulus are reinstated when
direct stimuli are presented during the Reward-learning phase, and this retrieval is linked to the gen-
eralization of value from direct to indirect stimuli. This suggests that reinstatement through the learned
associative link may be part of the mechanism for value updating. Our aim here is to explore the tem-
poral structure of this reinstatement, which may help to shed light on the mechanisms of value updat-
ing as well as providing general insight into the dynamics of representations during retrieval.

We therefore examined retrieval in the same paradigm, using MEG to gain temporal precision. We
show that the neural representation of the indirect stimulus can be decomposed into at least two tem-
poral components with distinct properties, and these are retrieved at different times during the
Reward-learning phase. The retrieval of only one of these components is correlated with a behavioral
measure of the generalization of value across the learned associations.

Results

Behavior
We used a slightly modified version of the behavioral task employed by Wimmer and Shohamy (2012).
This involved three phases (Figure 1A). In the Association phase, subjects watched visual stimuli
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appearing sequentially at the center of the screen. The stimuli alternated between photographs ('S/')
and circular fractals ('Sy’), with a short blank fixation interval between each stimulus. Each S; came from
one of three categories (face/body/scene), and each unique S; was deterministically followed by a
unique Sy, thus establishing a pairing between S, and Sy images. As in Wimmer and Shohamy (2012),
debriefing revealed that subjects were not aware of the S-S, pairings. There were two unique S; in
each category; making for a total of six unique S; and six unique Sy stimuli used for later phases (along
with six additional unique S; and six additional unique S, that functioned as dummies for the Association
phase cover task and were included in the imaging analysis).

In the Reward phase, of the two S, images associated with a category of S, images, one, which we
therefore call S4+ was followed by a reward on 14 out of 18 presentations (and otherwise by a neutral
outcome, a blue square); the other, which we call Sy- was always followed by a neutral outcome. By
virtue of the prior pairing, this established an S+ and S— for each category.

In the Decision phase, subjects were faced with pairwise choices between an S+ and an Si—, or an
Sq+ and an Sy—. The two items always had the same category (face/body/scene) for S;, or associated
category for Sy. Subjects exhibited a strong preference for S+ over Sy— (p = 6.9 x 107%), but as a group
showed no evidence of preferring Si+ over Si— (p = 0.9) (Figure 1B).

Distinct temporal components of neural object representation

Neural activity was recorded by magnetoencephalography (MEG) during all three phases. We first
explored where in space and time the MEG signal carried information about the S; stimuli being pre-
sented in the Association phase. Using one-way ANOVA, we found that the raw amplitude, in single
time bins, of the event-related field (ERF) at many individual sensors was significantly related to the S;
category (Figure 2). (The significance threshold was set to 95% of peak-level over space and time from
100 random category label shuffles, to correct conservatively for multiple comparisons.)

Next, we built a multivariate linear SVM classifier, which combined the reports of multiple sensors
(Figure 3A). As in many previous studies (cf. Norman et al., 2006; Cichy et al., 2014), the extra sen-
sitivity achieved by combining multiple features supported the use of multivariate analysis to track
neural representations (Figure 3—figure supplement 1). We constructed null distributions at each
time bin by repeating this procedure 100 times with randomly shuffled category labels. At 200 ms
post-stimulus, the 95th percentile of the null distribution was 35.0% accuracy, and the median was
33.7% (deviating from 1/3rd only due to the finite number of shuffles).

We observed two distinct peaks in multivariate classification performance, one centered approxi-
mately around 200 ms and the other around 400 ms post-stimulus onset. Although these peaks
had measurable width, for simplicity, we will henceforth refer to them as ‘200 ms’ and ‘400 ms'. To test
more formally for two distinct peaks in classification, we asked whether there was significant concavity
in the evolving classification accuracy in the interval from 200 to 400 ms, by regressing the classifica-
tion accuracy against linear and quadratic functions of time. At the group level, the quadratic term was
significantly different from zero (p = 0.02). We also performed this regression on the accuracy curves
from individual subjects; many subjects trended toward a positive quadratic term, but none reached
significance at a Bonferroni-corrected threshold (Figure 3—figure supplement 2). Finally, to rule out
any peculiarities in the SVM algorithm being responsible for two distinct peaks in classification accu-
racy, we also repeated the same analysis at the group level with a variety of nearest-mean classifiers
and found the same pattern (Figure 3—figure supplement 3).

Given past observations and ideas about separate post-stimulus phases encoding qualitatively
different kinds of stimulus information (Schmolesky et al., 1998, Lamme and Roelfsema, 2000;
Riesenhuber and Poggio, 2000; Engel et al., 2001; Bar, 2003; Cichy et al., 2014), we asked if
these two peaks had different representational similarity structure. We calculated representation sim-
ilarity matrices (Kriegeskorte et al., 2008), which reflect the similarity in activation patterns between
each pair of unique stimuli. We found that at 200 ms, the activity patterns evoked by stimuli within
a category were no more similar than those evoked by stimuli in different categories (Figure 3B, left
panel; p = 0.2, paired t-test between subjects); whereas at 400 ms, patterns within a category were
substantially more similar than between categories (Figure 3B, right panel; p = 5 x 107). This is
consistent with the idea that the dominant coding of stimulus information changes between 200
and 400 ms.

Further supporting the idea that the later component of the ERF had a relatively more domi-
nant coding of categorical information, we found that the cross-validated performance of a linear
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Figure 1. Task design and behavior. Subjects participated in a sensory preconditioning task comprising three
phases: Association, Reward and Decision. (A) In the Association phase, subjects were exposed to pairs of
stimuli (presented sequentially). One member (called S)) of each pair was taken from one of three classes (faces,
bodies, and scenes); the other member (S,) was a fractal. In the Reward phase, some of the fractals (labelled S+)
were paired with reward; the others (labelled S4—) were not. Through the pairing, this implicitly established a
separation between Si+ and Si—. In the Decision phase, subjects chose between S+ and S;— within the same
category, or between Sy+ and Sy—. All photos shown are from pixabay.com and are in the public domain. (B) In the
Decision phase, subjects displayed a strong preference for Sy+ over Sy— (p = 6.9 x 1074, one-sample t-test).
There was no preference at the group level for S+ over S—, but we exploited the variability between subjects
for value-related analyses. The change in relative liking from before to after the experiment was more positive
for Sy+ than Sy— (p = 0.04, one-sample t-test); but there was no significant difference between the changes for
S+ and Si—. Bar heights show group means and dots show individual subjects. Error bars show standard error
of the mean.

DOI: 10.7554/eLife.04919.003

SVM in a 6-way discrimination of fractal identity was sharply peaked at 160 ms post-stimulus onset,
and lacked a substantial second peak (Figure 3C). We note that a shift in the timing of the early
peak from ~200 ms to ~160 ms could be consistent with previous observations (Bobak et al., 1987,
Cichy et al., 2014) that the precise timing of each wave of representation is sensitive to the partic-
ular stimuli concerned.

Sq elicits retrieval of associated S; representation

During the Reward phase, S, (fractals) and outcomes (coin/blue square) were presented. We confirmed
it was possible to predict the identity of fractals (cf. Figure 3C) and outcomes (Figure 3—figure sup-
plement 4) reliably based on the MEG signal. However, the main intention of our study was to examine
whether the activity evoked by these stimuli contained information about the S; stimulus with which the
Sq had been associated. To this end, we trained classifiers on neural responses to S; in the Association
phase (exactly as above, but using all trials because cross-validation was not necessary), and tested
these classifiers on neural responses elicited in the Reward phase when Sy was presented. The classifier
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Figure 2. Event-related field (ERF) discriminates between categories (face/body/scene) at time of S; presentation.
Sensors became category-discriminative in two waves. (A) The first time, relative to stimulus onset, when the
relationship between ERF amplitude and category membership became significant by ANOVA (significance
threshold set at 95% of peak-level (across all sensors and all time) logio(p) of 100 shuffles) at each of 275 sensors.
Many occipital and temporal sensors first became predictive of S; category between 90 and 230 ms post stimulus
onset, followed by some parietal and frontal sensors ranging from 330-550 ms post stimulus onset. Open circles
indicate the sensors that never reached 95% peak-level. (B) Histogram of how many sensors first became signifi-
cantly discriminative at each time following stimulus presentation.

DOI: 10.7554/eLife.04919.004

was considered to be correct if it reported the category label of the S; that had previously been
paired with this Sy. We performed this train-on-S;, test-on-Sy procedure for every pair of times relative
to the onsets of S (in the Association phase) and S (in the Reward phase), leading to a 2-D grid of
classification accuracies (Figure 4A). These 2-D grids were then smoothed with a 2-D Gaussian kernel
(o = 30 ms).

We observed that the classifiers trained around 200 ms post-S; presentation achieved above-chance
accuracy in predicting which S; category had previously been associated with the presented S4 (the
95th percentile of the peak-level achieved in 200 random shuffle tests is shown as a solid black line
in each panel). This effect was above chance from 270-530 ms following presentation of S;. In other
words, the spatial pattern of brain activity present 200 ms after presentation of S; in the Association
phase was partially reinstantiated 270-530 ms after presentation of S, in the Reward phase. Note that
the randomization of S-S, pairings across subjects makes exceedingly unlikely the possibility that
some visual features of S; happen to be shared with the associated Sy and might therefore carry a
shared neural signature.

We also applied the same set of classifiers to the activity evoked by presentation of outcome (coin
or neutral blue square) that followed each Sy in the Reward phase. The classifiers trained around 400 ms
after S; achieved above-chance accuracy in predicting the S; category previously associated with the
Sq presented on this trial (Figure 4B). This effect was strongest at 70 ms following presentation of
the outcome, meaning that the spatial pattern of activity present 400 ms after presentation of S; in the
Association phase was at least partially reinstantiated 70 ms after presentation of the outcome in the
Reward phase. Since the outcome always appeared 3500 ms after S in each trial, 70 ms after pres-
entation of outcome was equivalently 3570 ms after presentation of S,. Since all the information nec-
essary to retrieve S; was carried by Sy, some of the retrieval process might occur before onset of the
outcome.

Two-way ANOVA revealed no significant main effects of 200 ms vs 400 ms or Sy vs outcome
but a significant interaction (p = 0.04; Figure 4C). That is, the peak accuracy following Sy was
higher for the 200 ms than the 400 ms classifier, while the peak accuracy following outcome was
higher for the 400 ms than the 200 ms classifier, implying a double dissociation in the component
that was more strongly retrieved at Sy vs outcome. Both forms of cross-classification were very
much less accurate than (linear) classification of the identity of the S, (fractals) or outcome (coin/
blue square) from the activity directly evoked by these stimuli (cf. Figure 3C and Figure 3—figure
supplement 4).
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Figure 3. Multivariate analysis reveals two temporal
components of evoked response to visual stimuli.

(A) Multivariate decoding performed well to predict the
category of photograph (S)) in the Association phase.
Cross-validated linear SVM prediction accuracy using all
275 sensors at each time bin is shown. A pattern of two
distinct peaks in classifier accuracy around 200 ms and
400 ms after S onset is evident. (B) At 200 ms after S;
onset, there was no difference in representational
similarity between same-category and different-category
S, objects (left panel, p = 0.2 by t-test between subjects).
At 400 ms, representational similarity was higher for
same-category than different-category objects (right
panel, p =5 x 107). F1-F4, B1-B4 and S1-54 refer to the
unique faces, bodies and scenes presented during the
Association phase. (C) When discriminating fractal
identity (i.e., a 6-way classification problem of stimuli with
no natural categories), performance was sharply peaked
before 200 ms after fractal onset. Shaded area shows
standard error of the mean.

DOI: 10.7554/eLife.04919.005

The following figure supplements are available for
figure 3:

Figure supplement 1. Univariate classification using
best sensor.

DOI: 10.7554/eLife.04919.006

Figure 3. Continued on next page

Neuroscience

To investigate which MEG sensors carried
retrieved information, we again trained classifiers
on Si-evoked data and tested on S4— or outcome-
evoked data (i.e., cross-classification). However,
rather than using all 275 sensors, we repeated the
procedure for 2000 iterations using a different ran-
dom subset of 50 sensors each time. To investigate
the retrieval identified in Figure 4A,B, we restricted
analysis to 60 x 60 ms temporal ROIs centered on
the peaks of cross-classification in Figure 4A,B,
and averaged over these temporal ROls. For
each sensor, each iteration of this procedure thus
yielded a single classification accuracy. We could
then calculate how accurate the cross-classification
was on average when a given sensor participated
in classification. The average of these data across
subjects are shown in Figure 5, separately for S,-
and outcome-evoked data. To test whether these
spatial patterns were significantly different, we
again used a linear SVM with cross-validation to
predict whether each pattern originated from S
or outcome-evoked data. Each pattern was mean-
subtracted to avoid any trivial classification based
on overall higher cross-classification performance
for S4- than outcome-evoked data. Prediction
accuracy reached 71.2%, which was greater than
chance by one-tailed binomial test (p = 0.002).

Preference for S+ is correlated
with retrieval of stimulus-specific
representation at outcome time
Finally, we were intrigued by the apparent retrieval
of only the late (400 ms) and not the early (200 ms)
component of the S; representation during out-
come presentation. The representational similarity
analysis in Figure 3B suggested that this 400 ms
component might preferentially encode stimulus
category. Thus, we speculated the value of the
associated S; category, rather than the value of a
particular S; stimulus, might be updated when the
outcome appears. This could provide a potential
explanation for the lack of group-level behavioral
preference for S+ over S;— during the subsequent
Decision phase, since each S; category contained
both an Si+ and an Si—, with equal presentations.
This hypothesis predicts that, although at the
group level there might be no significant retrieval
of the 200 ms component of S; representation
during outcome presentation, the subjects who
did retrieve the 200 ms component of S; might
have a positive preference for Si+ over Si—.
(Meanwhile, a preference for S;— over Si+ should
be unrelated to retrieval.) We therefore plotted
the correlation between behavioral preference
and accuracy of Si-trained classifier in predict-
ing the associated category of the Sy stimulus
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Figure 3. Continued presented on this trial. This analysis was split
Figure supplement 2. Multivariate classification of S, according to whether subjects preferred S;— over
for individual subjects. Si+ (Figure 6A) or Si+ over Si— (Figure 6B).
DOI: 10.7554/eLife.04919.007 Remarkably, in subjects preferring Si+ over Si—,
Figure supplement 3. Nearest-mean multivariate reinstatement of the 200 ms component of S; was
classifiers, under a variety of distance metrics, under- strongly correlated with behavioral preference.
perform SVM but extract a similar pattern of multiple Shuffling subject identities yielded a null distribu-
peaks in classification performance. tion of peak logy, p-values for the correlation of
DOI: 10.7554/eLife.04919.008 classifier accuracy with behavioral preference. The
Figure supplement 4. Decoding outcome identity. 400 ms classifier showed no substantial positive
DOI: 10.7554/eLife.04919.009 correlation with behavioral preference (Figure 6C),

Figure supplement 5. Generalization of instantaneous while the 200 ms classifier showed a corrected-
representational patterns over time, with finer temporal significant peak in correlation strength ~400 ms
binning. after the onset of the outcome (Figure 6D). The

DOI: 10.7554/eLife.04919.010 raw data driving these correlations are also shown
Figure supplement 6. Image statistics. in Figure 6E,F.

DOI: 10.7554/eLife.04919.011

Discussion

We used a sensory preconditioning paradigm to
explore the temporal structure of the retrieval of representations through associative links. We found
that presenting photographs (S;, in three categories) elicited an evolving representation with two tem-
porally distinct components: one around 200 ms and the other around 400 ms after stimulus onset.
The earlier component was reinstated when a fractal (Sy) previously paired with the S; was presented.
The later component was reinstated when a rewarding or neutral outcome was presented following Sq.
Although at the group level there was no significant reinstatement of the earlier component at the
time of outcome, between subjects the degree of reinstatement of this earlier component correlated
with the degree of subsequent value generalization.

Our results fit comfortably with the large body of literature showing that retrieval (which is notably
unconscious here and in Wimmer and Shohamy, 2012, as contrasted with conscious retrieval that is
more commonly studied) induces reinstantiation of at least some aspects of the pattern of neural
activity evoked by the original presentation. For instance, in the fMRI study whose design we copied
(Wimmer and Shohamy, 2012), univariate methods were used to show the equivalent of S; category
retrieval during the Reward phase. Equally, ERP studies have found neural signals as early as 300 ms
following a retrieval cue that are different depending on which information is retrieved or whether the
information is retrieved (Johnson et al., 2008; Yick and Wilding, 2008). Further, using MEG, Jafarpour
et al. (2014) identified reinstatement of a pattern of oscillatory activity appearing approximately
180 ms following presentation of the retrieved item. This pattern was reinstated approximately 500 ms
following the retrieval cue, slightly later than the 400 ms we observed.

Multivariate pattern analysis provides a much more powerful microscope than traditional univar-
iate analysis for detecting distributed patterns encoding neural representations (Norman et al., 2006).
Combining MVPA with MEG enables tracking the fast time-evolution of these representations
(Schmolesky et al., 1998; Jafarpour et al., 2013; Cichy et al., 2014). Using these methods we have
extended previous findings on retrieval to now establish a mapping between the dynamics of object
representation and the dynamics of retrieval in this behavioral paradigm.

We identified two temporal components of object representation that were retrieved at different
times. The earlier component of S; representation, which appeared roughly 200 ms following S; presen-
tation, was first detectable 270 ms following presentation of Sy. This is consistent with past ERP studies
showing similar timing, which have been taken as suggesting that reactivation is mediated by hippo-
campus (Bosch et al., 2014). The prolongation of this representation from 270-530 ms may represent
averaging (over trials or subjects) of temporally abrupt retrievals, or a sustained information retrieval.

By contrast, the late component of S; representation re-appeared 70 ms following outcome presen-
tation. The outcome did not provide any additional information about S; category, so the representa-
tion of S; must have been sustained in some form through the (fixed) delay between Sy and outcome.
This raises questions such as where the information about S; was held during the delay, and what are
the implications of this timing. For the former, we were only able to detect a representation of S; when
it took the form of a spatial pattern of activity mirroring the pattern at presentation of S;. Thus
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Figure 4. Early and late components of associated object representation retrieved at time of cue and outcome,
respectively. During the Reward phase, the 200 ms component of the S; representation was retrieved for an
extended period from shortly after Sy was presented, while the 400 ms component of S; representation was
retrieved around the time the outcome was presented. (A) Classifiers trained around 200 ms after S; presentation
in Association phase and tested around 400 ms after Sy presentation in Reward phase decode the object category
previously associated with the Sy. Photo is from pixabay.com and is in the public domain. (B) Classifiers trained
around 400 ms after S; presentation and tested 70 ms after outcome presentation decode the object category
previously associated with the Sy. In A and B, black outlines show p = 0.05 peak-level significance thresholds
(empirical null distribution generated by 1000 random permutations of training category labels, see Methods for
more details). (C) Peak classification accuracy in the 200 ms and 400 ms rows of A and B. By 2-way ANOVA, there
was no main effect of 200 ms vs 400 ms or of Sy vs outcome, but there was a significant interaction (p = 0.04). Error
bars show standard error of the mean.

DOI: 10.7554/elLife.04919.012

information might have been online in the activity of, for instance, prefrontal neurons (Fuster, 2001,
Wang et al., 2006), but in a different form from that inspired by S, itself (Sakai and Miyashita, 1991;
Rainer et al., 1999). Alternatively, it might have been stored in short-term synaptic weight changes
(Hempel et al., 2000; Seung, 2003; Florian, 2007; Mongillo et al., 2008).

Supporting the idea of these ~200 ms and ~400 ms components as distinct representational peri-
ods, we note the following. First, there was a decrease in classification accuracy between these peri-
ods. Second, classifiers trained on one epoch had low accuracy in the other epoch (Figure 3—figure
supplement 5), suggesting information about the stimuli was coded differently between epochs.
Third, the epochs had different similarity structure with respect to the stimulus categories (Figure 3B).
Fourth, the patterns from the two epochs were doubly dissociated in terms of their retrieval at S, vs
outcome (Figure 4), while the time period between the two peaks (i.e., around 300 ms post-stimulus)
was not strongly retrieved either at Sy or outcome (Figure 4).

In terms of timing, the relatively precise epoch of retrieval of S; following the presentation of the
outcome may reflect the point of strongest overlap between a variety of timings in individual subjects.
Alternatively, it may be that a representation that is latent became detectable as soon as more power
arose in the visual-evoked ERF due to onset of the outcome. Yet another possibility is expectations of
the next stimulus partly drive representations in the first 10 s of milliseconds after a visual onset, before
the present stimulus is processed.
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temporal

mean % classification (normalized)
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Figure 5. Contributions of sensors to retrieval. To explore which brain areas carried the information about S; that
was retrieved at the time of Sy and outcome, we copied the procedure of training linear category classifiers on
presentation of S, and predicting the category at the time of Sy or outcome—but instead of using all 275 sensors,
we repeated the analysis 2000 times using subsets of 50 sensors randomly selected on each iteration. The contribu-
tion of sensor s was taken to be the mean of all prediction accuracies (within 60 x 60 ms temporal ROls containing
the peak time bins) achieved using an ensemble of 50 sensors that included s. Intriguingly, the information about
the category of S, retrieved at the time Sy was presented emerged primarily from occipital sensors (A), while the
information about the category of S retrieved at the time the outcome was shown appeared more strongly in
parietal and temporal sensors (B). In the difference between the two conditions, no individual sensor survived
correction for multiple comparisons. However, a linear SVM was reliably able to classify whether a spatial pattern
belonged to Sy or outcome (71.2% accuracy, p = 0.002 by one-sided binomial test against chance classification).
DOI: 10.7554/eLife.04919.013

The low accuracy in classifying retrieved representations (~35%) compared to evoked responses
(~60%) might imply that retrieved representations (perhaps especially those that subjects are not con-
sciously aware of) were weak compared to evoked representations. It is also possible that S; represen-
tations were only retrieved on a subset of trials, weakening the average signal. Finally, it is possible
that retrieved representations had a distributed spatial pattern that was only partly overlapping with
the evoked representation, making it more difficult to detect with pattern classifiers trained on evoked
activity.

We exploited the distinct temporal components of retrieval to help elucidate the neural under-
pinnings of value generalization through associations. In both our study and in the similar design of
Wimmer and Shohamy (2012), behavioral evidence of sensory preconditioning rests wholly on stim-
ulus-specific retrieval (since the rewards associated with each category are balanced). If the 400 ms
component of S; representation preferentially encodes information about category rather than specific
stimuli, as suggested by our representational similarity analysis, retrieval of solely this component at
outcome time might cause value learning to be assigned to categories rather than individual stimuli.
This hypothesis would explain our finding that the subjects who retrieve the 200 ms component at
outcome show behavioral evidence of sensory preconditioning. Under this interpretation, the corre-
lation that Wimmer and Shohamy found in BOLD between retrieved stimulus representations and
behavior between subjects may also have been driven by the 200 ms component of the stimulus
representation; these temporally precise signals could not be distinguished using fMRI. Although the
particular representations online at the time of reward were probably driven by quirks of this task
design (since other sensory preconditioning experiments have found robust group-level preference
for S; paired with rewarded S4 (e.g., Seidel, 1959)), the finding is of general importance because it
suggests that the exact timing of reward relative to fast-evolving neural representational structures is
crucial to value updating and credit assignment.

Like Wimmer and Shohamy (2012), we have compared a behavioral value generalization measure
against the output of a neural classifier trained on the category of S;, rather than the identity of an
individual S;. The latter would give a more direct test of the idea that subjects who retrieve a repre-
sentation of the specific S; paired with the particular Sy viewed on this trial drive larger value updates.
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Figure 6. Retrieval of early component of S; representation predicts value updating across subjects. At the group
level, only the 400 ms component was significantly retrieved at the time of outcome (cf. Figure 4B). However, at the
single-subject level, the degree of retrieval of the 200 ms component correlated with value updating. As in Figure 4B,
the accuracy of classifiers trained at each time bin around S; (in the Association phase) was tested at each time bin
around the time of outcome (in the Reward phase) to predict the category of the S; associated with the Sy preceding
the outcome. In each time*time bin, this accuracy was regressed, across subjects, against the behavioral preference
for Si+ over S;— from the Decision phase (i.e., P(S+)). As we only explored positive correlations, one-tailed log:, p-values
of the regression are reported. (A) In subjects who preferred S;— over S+, there were no correlations between the
degree of preference and the degree of reinstatement of S; at outcome. (B) In subjects who preferred S+ over Si—,
there was a strong correlation between the degree of preference and the degree of reinstatement. This correlation
peaked at around 400 ms after outcome onset. (C, D) Red and blue traces show single rows of panels A and B at 200
and 400 ms. Significance was tested by randomly shuffling subject identities to obtain a null distribution of peak-level
log10 p-values. Thresholds are shown at 95% of the null distribution of the peak-level of 200 and 400 ms rows, and at
95% of the null distribution of peak-level of all rows. (E, F) Raw classification accuracies underlying the correlations
in A-D, when training at 200 ms after S, onset and testing at 400 ms after outcome onset. Each point is a subject.
DOI: 10.7554/eLife.04919.014
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Although it is in principle possible to train a classifier to distinguish between individual exemplars of
an S; category, this did not reach a sufficiently high level of performance in our hands, perhaps limited
by the relatively small number of training samples per unique stimulus. Future experiments could
also employ Si+ and S;— stimuli that are more neurally distinguishable.

We noted in the ‘Introduction’ a large number of proposals for the use of associative information
both at the time of decision (online) or when a decision is not imminent (offline). Offline and online
processes may share similar mechanisms (Doll et al., 2014), and in some cases the division between
offline and online mechanisms is blurred. For example, retrieving elements of past experiences may
serve as part of the process of planning in advance for the next time related situations are encountered
(Dragoi and Tonegawa, 2011, 2013), similar to the psychological notion of implementation intentions
(Gollwitzer, 1999).

Some theoretical methods (e.g., the successor representation (Dayan, 1993) and beta-models
[Sutton, 1995)) shift a portion of the burden of online calculations using offline updates to carefully
structured representations. In sensory preconditioning, it is an open question whether generalized
values are updated offline (either during the Reward phase or in between the Reward and Decision
phases), retrieved through associative links at the time of decision, or a mix of both. In animals the
vulnerability of sensory preconditioning to extinction (Gewirtz and Davis, 2000) hints at an online
mechanism, but it is equally possible that extinction drives offline value updates through the same
generalization mechanism as acquisition. Indeed, although our description of the reinstatement of S
suggests that it arises through a distinct process of retrieval, we cannot distinguish this from the subtly
different possibility hinted by these ideas that the representation of Sy changed through the associa-
tive learning so that it more closely resembles that of S;.

In animals, the temporal structure of retrieval appears to subserve complex memory (Sirota et al.,
2003; Schwindel and McNaughton, 2011), learning and decision-making processes, especially in hip-
pocampus and hippocampal-cortical interactions. Rodents retrieve representations of past and future
locations, actions, and rewards (Johnson and Redish, 2007; van der Meer et al., 2010; Steiner and
Redish, 2014); the timing of this retrieval is tightly structured and likely encodes critical information in
the decision-making computation. In humans, frontal theta power (Hsieh et al., 2011) and patterns of
activity in hippocampus (Ezzyat and Davachi, 2014; Hsieh et al., 2014) are implicated in coding tem-
poral order within sequences of stimuli. Applying methods from the present work could be useful to
establish a finer grained map of the representations used in complex memory and decision processes.

Important to understanding the retrieval dynamics in this behavioral paradigm is the shift we
observed in the dominant coding of information in evoked responses from 200 ms to 400 ms post-
stimulus. Information in the visual system up to 200 ms post-stimulus may hew closely to the form of
the stimulus that was presented (Tanaka and Curran, 2001; VanRullen and Thorpe, 2001; Liu et al.,
2002; Schiff et al., 2006, Rossion and Jacques, 2008). This is consistent with our finding that spatial
patterns of activity evoked by different exemplars within a category were relatively distinct and that
individual fractals were better classified at this time bin. Conversely, brain activity later than 200 ms
post-stimulus is often found to include contextual and other sources of information (Kok, 2001; Tsivilis
et al., 2001; Schiff et al., 2006; Garrido et al., 2007; Sanguinetti et al., 2014). In particular, the N400
component of the event-related potential (ERP) in EEG extends from roughly 250-500 ms post-
stimulus and appears to be driven at least partly by the medial temporal lobe, which is functionally
coupled to sensory cortices (Bar, 2004). The N2pc component of the ERP, which occurs earlier from
roughly 200-300 ms post-stimulus, has also been tied to contextually-sensitive processing (Conci
et al., 2006; Schiff et al., 2006), and originates from lateral temporal and parietal sources (Hopf
et al., 2000; Oostenveld et al., 2001). Although information about the category of our stimuli is
directly available in their visual form, one interpretation of our observation of more consistent cate-
gory information at 400 ms is that this reflects such contextually-sensitive processing happening based
on lateral and top-down functional connections (MacKay and Bowman, 1969; Rao and Ballard, 1999,
Ullman, 2000; Engel et al., 2001; Bledowski et al., 2006; Garrido et al., 2007, Friston and Kiebel,
2009; Kourtzi and Connor, 2011).

Finally, we note that timing of event-related signals depends strongly on stimulus properties (e.g.,
Bobak et al., 1987). Multivariate classification also yields different timings in the peaks of classification
depending on the specific kinds of categories evaluated (Cichy et al., 2014). Thus the particular tem-
poral structure of evoked responses is most likely specific to the stimuli used. Mapping this structure
for a given task and stimuli can be leveraged to probe the dynamics of retrieval.
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In summary, neural retrieval of representations through associative links is central for memory and
decision-making. Here we provide evidence that the dynamical structure within retrieval is functionally
relevant for value-guided decision making. Analyzing the fine temporal structure of representations
also increases the potential for studying temporally rich retrieval processes such as replay and planning
in humans, which were previously confined to animal recordings.

Materials and methods
Subjects

Twenty-nine adults participated in the experiment, recruited from the UCL Institute of Cognitive
Neuroscience subject pool. Three were excluded before the start of analysis for large movement
or myographic artifacts. Of the 26 remaining, age quartiles were 18.7, 19.5, 21.3, 26.7, 41.4 years;
14 were female, and 1 was left-handed. All participants had normal or corrected-to-normal vision and
had no history of psychiatric or neurological disorders. All participants provided written informed con-
sent and consent to publish prior to start of the experiment, which was approved by the Research
Ethics Committee at University College London (UK), under ethics number 1825/005.

Task

Participants performed three phases of a simple behavioral task (copied almost exactly from Wimmer
and Shohamy, 2012; but with timings set to be faster for MEG) designed to induce and measure
sensory preconditioning. The task was coded in Cogent (Wellcome Trust Centre for Neuroimaging,
United Kingdom), running in MATLAB 7.14 (Mathworks, Natick, Massachusetts).

Before the experiment, participants rated 78 images, one at a time, using a visual analog scale
to indicate how much they subjectively liked each image, ranging from ‘Strongly Dislike’ to ‘Strongly
Like'. These images consisted of 60 photos (20 faces, 20 body parts, 20 scenes), and 18 fractals.
Luminance and contrast varied between images (Figure 3—figure supplement 6). Four of each photo
category and 12 fractals were then selected to be used in the experiment. For each subject we chose
the stimuli whose liking ratings were closest to neutral; different subjects therefore saw different
images in the experiment.

In the first ('Association’) phase of the experiment, each of the 12 selected photos ('S/, indirect
stimuli) were deterministically paired with a different fractal pattern (‘Sy’, direct stimuli). Two of each
S, category were ‘dummies’ for the cover task, and two were 'real’ stimuli. Subjects viewed S; and S4
images sequentially while performing a cover task of pressing one button in response to rightside-up
images and a different button for upside-down images, with the button response mapping rand-
omized across subjects. Dummies had a 50% chance of being upside-down, and real stimuli were
never upside-down. Dummies were not presented in subsequent phases. In each trial, subjects saw
an S; for 1750 ms, followed by an interstimulus-interval (ISI) of 1000 ms, followed by the paired Sgq
for 1750 ms, followed by an intertrial-interval (ITl) of 2500 ms. Every nine trials, each of the six real S
stimuli was presented once, and one of each of the dummy S; stimuli in each category was presented
once (both reals and dummies were always followed by the paired S). The order was randomly per-
muted over every 9 trials, and this was repeated 12 times, for a total of 108 trials. In debriefing at the
end of the experiment, no subject reported being aware of any pairing between S; and S4 indicating
the effectiveness of the cover task; the S-S, association was implicit. No subject reported being aware
that the dummies did not appear in later phases.

In the second (‘Reward’) phase, subjects were taught that some of the fractals (S4+) were worth
money, while others (S4—) were not. In each conditioning trial, subjects saw an S, for 2000 ms, followed
by an ISl of 1500 ms, and then either a reward (image of a one pound sterling coin) or no-reward (blue
square) for 2000 ms, followed by an ITI of 3000 ms. Each S, appeared 18 times, for a total of 108 trials.
Sq— were never rewarded, while S;+ were rewarded 14 out of 18 times that they appeared. The cover
task was to press one button for any S, or for no-reward, and a different button for reward (meaning
that in an unrewarded trial, the same button was to be pressed twice; while in a rewarded trial two
different buttons should be pressed). Pressing the correct button to ‘pick up’ the coin led to actually
receiving this money at the end of the experiment (divided by a constant factor of ten); subjects were
informed of this. Through the unique pairing between S; and Sy, conditioning implicitly established
Si+ (previously paired with Sy+) and S;— (previously paired with S;—). The pairing was such that each
S; category contained one Si+ and one S;—.
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In the third ('Decision’) phase, in each trial subjects made a pairwise choice between either two Sy
images or two S, images. The two S; images were always of the same category (face/body/scene): one
S+ and one S;—; likewise, the two Sy images, an Sy+ and an Sy—, had always been previously paired
with the same S; category. Subjects were instructed that they would receive monetary reward for
choosing the correct stimulus, but, as in Wimmer and Shohamy (2012), were given no instructions
about how to identify the correct stimulus (except to choose the one they thought was more lucky).
They actually received these rewards at the end of the experiment, again divided by ten. In addition
to the money earned within the task, subjects received a flat compensation of £10. Each pairwise
choice was repeated 4 times for a total of 24 trials. Any preference for Si+ over S;— would provide
evidence of sensory preconditioning.

After the experiment, subjects again provided subjective liking ratings on a visual analog scale, this
time for each S; and S, actually used in the experiment (excluding dummies).

Behavioral analysis

Decision-phase preferences for Sy+, Sq—, S+, and S— were measured by averaging the four binary
responses for each pair, and performing a one-sample t-test between subjects on the mean response
against 50%. Similar results could be obtained by treating the first choice of each subject for each pair
as an independent draw from a Bernoulli distribution and comparing the results to p = 0.5. Changes
in subjective liking ratings from Pre-Liking to Post-Liking phases were differences on an arbitrary scale
(pixels in the visual analog scale) and were linearly de-trended as subjects showed a robust ten-
dency to increase all ratings at the end of the experiment compared to the beginning (many subjects
reported in debriefing that they liked most of the stimuli more because they were more familiar at
the end of the experiment).

MEG acquisition

MEG was recorded continuously at 600 samples/second using a whole-head 275-channel axial gra-
diometer system (CTF Omega, VSM MedTech, Canada), while participants sat upright inside the
scanner. Continuous head localization was recorded with three fiducial coils at the nasion, left pre-
auricular, and right pre-auricular points. The task script sent synchronizing triggers (outportb in Cogent)
which were written to the MEG data file. A projector displayed the task on a screen ~80 cm in front of
the participant. Participants made responses on a button box using either thumbs or index fingers as
they found most comfortable.

MEG analysis

All analysis was performed in MATLAB. Some analyses used SPM12b (Wellcome Trust Centre for
Neuroimaging, United Kingdom). Data were first converted to SPM12 format using spm_eeg_convert.
Each event was then epoched, using spm_eeg_epochs, to 1000 ms segments from —400 ms to +600 ms
relative to the event, based on the triggers recorded from the task script. All timings were corrected
for one frame (1/60 s) of lag between triggers and refreshing of the projected image, measured using
a photodiode outside the task. The 600 samples in each epoch were then reduced to 50 time bins
by averaging together each consecutive 12 samples. Thus, the time bins were spaced every 20 ms
and represented the average raw signal of the 12 samples within that 20 ms. Pre-stimulus bins were
treated as baseline.

We built three-way classifiers for the category of the S; stimuli. Classifiers were trained based on the
activity evoked by the presentation of the S; stimuli in the Association phase, and used to classify the
activity associated with the presentation of the Sy and outcome stimuli in the Reward phase. Classifiers
were built for each time bin following S; presentation, and tested on each time bin following Sy and
outcome presentation during the Reward phase, giving rise to (Association) time*(Reward) time maps
of classification performance.

Support vector machine (SVM) classification analyses were performed with the svmtrain/svmpredict
routines from libsvm (National Taiwan University, Taiwan; http://www.csie.ntu.edu.tw/~cjlin/libsvm). Each
feature used for classification (i.e., a sensor at a time bin) was independently z-transformed before
classification. Results are reported with linear kernels. The regularization parameter C was tuned to
optimize cross-validation performance in cross-validation of Association-phase data (C = 10°) but was
then fixed for all further analyses. Cross-validation was tested using leave-one-out, k-fold (5, 10, or 20),
or repeated random subsampling (50 or 100 independent subsamples with 10% of samples left-out),
without any difference in results between methods.
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In Figure 4, we show 2-dimensional maps where the dimensions are times relative to two different
events. To generate statistical significance thresholds for these maps, we recalculated these maps
many times with independently shuffled category labels for the stimuli. Each shuffle yielded a map that
contained no true information about the stimuli, but preserved overall smoothness and other statis-
tical properties. The peak levels of each of these maps were extracted, and the distribution of these
peak levels formed a nonparametric empirical null distribution. The 95th percentile of this distribution
is reported as the significance threshold.

Representational similarity between two different trials was measured by correlation between the
patterns of activation over sensors, at the same time bin relative to stimulus onset.

Classifiers trained on Association-phase data were used directly to predict Reward-phase data with-
out any tuning to optimize cross-classification performance. All (Association) time*(Reward) time maps
of classification performance were smoothed by a 2-D Gaussian kernel (o = 30 ms) for display and for
calculating peak-level shuffling statistics.

Analyses that didn't work

In the interest of reporting our work as completely as possible, we discuss a set of analyses that were
based on relevant hypotheses, but did not lead to significant results.

1) An important issue in the analysis of retrieved representations is to make sure that what are
apparently retrieved representations are not in fact coincidences in the representation of the retrieved
object and the retrieval cue. In the analyses in the main paper, this is controlled by randomizing S-Sy
pairings between subjects. We attempted another way of controlling for this, by training a classifier on
all subjects' (except one) Sy-evoked data (using the category labels of the associated S;s), and testing
on the left-out subject. If this procedure, repeated across left-out subjects, would produce an above-
chance prediction of the S; category associated with the displayed S, this would imply that the S,-
evoked data contain a real representation of S;. Unfortunately when we attempted this, the group-level
prediction of S; category did not reach significance. We speculate this is because the category represen-
tation differs substantially between subjects (supported by Sandberg et al. (2013)); an issue that the
analysis in the main paper is immune to because classifiers are trained separately for each subject.

2) Wimmer and Shohamy (2012) regressed their neural signal against within-category differences
in behavioral preference. For example, if one subject in the Decision phase preferred the face paired
with the rewarded fractal, but did not prefer the scene paired with the rewarded fractal, then he or she
was more likely to have a large fusiform face area activation during presentation of the face-paired
fractal in the Reward phase than to have a large parahippocampal place area activation during presen-
tation of the scene-paired fractal. We attempted the same analysis but no correlation with neural
decoding reached significance. In our hands collapsing within categories to look at between-subject
variance in total value updating appeared more statistically powerful. Along similar lines, we also
trained classifiers to distinguish individual stimuli in the Association phase (e.g., a particular face,
rather than the category of faces—so the classifier learned about 12 distinct categories), and applied
these classifiers to activity at the time of outcome in the Reward phase. The classifier was treated as
‘correct’ if it predicted the identity of the photograph that had been previously associated with the
fractal presented on this trial of the Reward phase. We then correlated the resulting correctness rat-
ings against the behavioral preference for S+ over Si— in the Decision phase (just as in Figure 6 of the
main paper, but classifying individual stimuli rather than categories). However, these correlations did
not reach shuffle-corrected significance. This may be a result of the difficulty of classifying many indi-
vidual stimuli with relatively few trials.

3) We wondered if, when photos (S) were presented during the Decision phase, it would be pos-
sible to identify neural signals containing information about the paired fractal (S,). It is possible that
this could represent an online retrieval of value information about S, to guide the choice about S..
However, we could not detect above-chance classification of either associated Sy when pairs of S;
were presented during the Decision phase. We suspect the patterns of representation may be more
difficult to disentangle when two stimuli are shown on-screen at the same time.

Acknowledgements

We thank Anna Jafarpour, Will Penny, Aidan Horner, Martin Hebart and Tim Behrens for helpful dis-
cussions and Laurence Hunt and 'Oiwi Parker Jones for comments on an earlier version of this
manuscript.

Kurth-Nelson et al. eLife 2015;4:e04919. DOI: 10.7554/eLife.04919 14 of 18


http://dx.doi.org/10.7554/eLife.04919

e LI FE Research article Neuroscience

Additional information

Funding
Funder Grant reference number Author
Wellcome Trust 091593/7/10/2 Zeb Kurth-Nelson,
Gareth Barnes, Ray Dolan
Max-Planck-Gesellschaft UCL Centre for Zeb Kurth-Nelson,
Computational Psychiatry Ray Dolan
and Ageing Research
Gatsby Charitable Dino Sejdinovic,
Foundation Peter Dayan
Medical Research MR/K005464/1 Gareth Barnes
Council
Wellcome Trust 098362/2/12/Z Ray Dolan

The funders had no role in study design, data collection and interpretation, or the
decision to submit the work for publication.

Author contributions

ZK-N, Conception and design, Acquisition of data, Analysis and interpretation of data, Drafting or
revising the article; GB, PD, Conception and design, Analysis and interpretation of data, Drafting
or revising the article; DS, Analysis and interpretation of data, Drafting or revising the article; RD,
Conception and design, Drafting or revising the article

Ethics
Human subjects: All participants provided written informed consent and consent to publish prior to

start of the experiment, which was approved by the Research Ethics Committee at University College
London (UK), under ethics number 1825/005.

References

Bar M. 2003. A cortical mechanism for triggering top-down Facilitation in visual object recognition. Journal of
Cognitive Neuroscience 15:600-609. doi: 10.1162/089892903321662976.

Bar M. 2004. Visual objects in context. Nature Reviews Neuroscience 5:617-629. doi: 10.1038/nrn1476.

Bledowski C, Kadosh KC, Wibral M, Rahm B, Bittner RA, Hoechstetter K, Scherg M, Maurer K, Goebel R,
Linden DEJ. 2006. Mental chronometry of working memory retrieval: a combined functional magnetic reso-
nance imaging and event-related potentials approach. The Journal of Neuroscience 26:821-829. doi: 10.1523/
JNEUROSCI.3542-05.2006.

Bobak P, Bodis-Wollner I, Guillory S. 1987. The effect of blur and contrast of VEP latency: comparison between
check and sinusoidal grating patterns. Electroencephalography and Clinical Neurophysiology 68:247-255.
doi: 10.1016/0168-5597(87)90045-1.

Bosch SE, Jehee JFM, Fernandez G, Doeller CF. 2014. Reinstatement of associative memories in early visual cortex is
signaled by the hippocampus. The Journal of Neuroscience 34:7493-7500. doi: 10.1523/JNEUROSCI.0805-14.2014.

Brogden WJ. 1939. Sensory pre-conditioning. Journal of Experimental Psychology 25:323-332. doi: 10.1037/
h0058944.

Carlson T, Tovar DA, Alink A, Kriegeskorte N. 2013. Representational dynamics of object vision: the first 1000 ms.
Journal of Vision 13:1. doi: 10.1167/13.10.1.

Cichy RM, Pantazis D, Oliva A. 2014. Resolving human object recognition in space and time. Nature
Neuroscience 17:455-462. doi: 10.1038/nn.3635.

Conci M, Gramann K, Miller HJ, Elliott MA. 2006. Electrophysiological correlates of similarity-based interference
during detection of visual forms. Journal of Cognitive Neuroscience 18:880-888. doi: 10.1162/jocn.2006.18.6.880.

Danker JF, Anderson JR. 2010. The ghosts of brain states past: remembering reactivates the brain regions
engaged during encoding. Psychological Bulletin 136:87-102. doi: 10.1037/a0017937.

Dayan P. 1993. Improving generalization for temporal difference learning: the successor representation. Neural
Computation 5:613. doi: 10.1162/neco.1993.5.4.613.

Deuker L, Olligs J, Fell J, Kranz TA, Mormann F, Montag C, Reuter M, Elger CE, Axmacher N. 2013. Memory
consolidation by replay of stimulus-specific neural activity. The Journal of Neuroscience 33:19373-19383.
doi: 10.1523/JNEUROSCI.0414-13.2013.

Doll BB, Shohamy D, Daw ND. 2014. Multiple memory systems as substrates for multiple decision systems.
Neurobiology of learning and memory 117:4-13. doi: 10.1016/j.nIm.2014.04.014.

Dragoi G, Tonegawa S. 2013. Distinct preplay of multiple novel spatial experiences in the rat. Proceedings of the
National Academy of Sciences of USA 110:9100-9105. doi: 10.1073/pnas.1306031110.

Kurth-Nelson et al. eLife 2015;4:e04919. DOI: 10.7554/eLife.04919 15 of 18


http://dx.doi.org/10.7554/eLife.04919
http://dx.doi.org/10.1162/089892903321662976
http://dx.doi.org/10.1038/nrn1476
http://dx.doi.org/10.1523/JNEUROSCI.3542-05.2006
http://dx.doi.org/10.1523/JNEUROSCI.3542-05.2006
http://dx.doi.org/10.1016/0168-5597(87)90045-1
http://dx.doi.org/10.1523/JNEUROSCI.0805-14.2014
http://dx.doi.org/10.1037/h0058944
http://dx.doi.org/10.1037/h0058944
http://dx.doi.org/10.1167/13.10.1
http://dx.doi.org/10.1038/nn.3635
http://dx.doi.org/10.1162/jocn.2006.18.6.880
http://dx.doi.org/10.1037/a0017937
http://dx.doi.org/10.1162/neco.1993.5.4.613
http://dx.doi.org/10.1523/JNEUROSCI.0414-13.2013
http://dx.doi.org/10.1016/j.nlm.2014.04.014
http://dx.doi.org/10.1073/pnas.1306031110

e LI FE Research article

Neuroscience

Dragoi G, Tonegawa S. 2011. Preplay of future place cell sequences by hippocampal cellular assemblies. Nature
469:397-401. doi: 10.1038/nature09633.

Engel AK, Fries P, Singer W. 2001. Dynamic predictions: oscillations and synchrony in top-down processing.
Nature Reviews Neuroscience 2:704-716. doi: 10.1038/35094565.

Ezzyat Y, Davachi L. 2014. Similarity breeds proximity: pattern similarity within and across contexts is related to
later mnemonic judgments of temporal proximity. Neuron 81:1179-1189. doi: 10.1016/j.neuron.2014.01.042.

Florian RV. 2007. Reinforcement learning through modulation of spike-timing-dependent synaptic plasticity.
Neural Computation 19:1468-1502. doi: 10.1162/neco.2007.19.6.1468.

Foster DJ, Wilson MA. 2006. Reverse replay of behavioural sequences in hippocampal place cells during the
awake state. Nature 440:680-683. doi: 10.1038/nature04587.

Friston K, Kiebel S. 2009. Predictive coding under the free-energy principle. Philosophical Transactions of the
Royal Society of London Series B Biological Sciences 364:1211-1221. doi: 10.1098/rstb.2008.0300.

Fuster JM. 2001. The prefrontal Cortex—an update: time is of the essence. Neuron 30:319-333. doi: 10.1016/
S0896-6273(01)00285-9.

Garrido MI, Kilner JM, Kiebel SJ, Friston KJ. 2007. Evoked brain responses are generated by feedback loops.
Proceedings of the National Academy of Sciences of USA 104:20961-20966. doi: 10.1073/pnas.0706274105.

Gelbard-Sagiv H, Mukamel R, Harel M, Malach R, Fried |. 2008. Internally generated reactivation of single
neurons in human Hippocampus during free recall. Science 322:96-101. doi: 10.1126/science.1164685.

Gewirtz JC, Davis M. 2000. Using pavlovian higher-order conditioning paradigms to investigate the neural
substrates of Emotional learning and memory. Learning and Memory 7:257-266. doi: 10.1101/Im.35200.

Gollwitzer PM. 1999. Implementation intentions: Strong effects of simple plans. The American Psychologist
54:493-503. doi: 10.1037/0003-066X.54.7.493.

Gupta AS, van der Meer MA, Touretzky DS, Redish AD. 2010. Hippocampal replay is not a simple function of
experience. Neuron 65:695-705. doi: 10.1016/j.neuron.2010.01.034.

Hasselmo ME. 2008. Temporally structured replay of neural activity in a model of entorhinal cortex,
hippocampus and postsubiculum. The European Journal of Neuroscience 28:1301-1315. doi: 10.1111/
j.1460-9568.2008.06437 .x.

Hempel CM, Hartman KH, Wang X-J, Turrigiano GG, Nelson SB. 2000. Multiple forms of short-term plasticity at
Excitatory Synapses in rat medial prefrontal cortex. Journal of Neurophysiology 83:3031-3041.

Hoffman KL, McNaughton BL. 2002. Coordinated reactivation of distributed memory traces in primate neocor-
tex. Science 297:2070-2073. doi: 10.1126/science.1073538.

Hopf JM, Luck SJ, Girelli M, Hagner T, Mangun GR, Scheich H, Heinze HJ. 2000. Neural sources of Focused
attention in visual search. Cerebral Cortex 10:1233-1241. doi: 10.1093/cercor/10.12.1233.

Hopfield JJ. 2010. Neurodynamics of mental exploration. Proceedings of the National Academy of Sciences of
USA 107:1648-1653. doi: 10.1073/pnas.0913991107.

Hsieh LT, Gruber MJ, Jenkins LJ, Ranganath C. 2014. Hippocampal activity patterns carry information about
objects in temporal context. Neuron 81:1165-1178. doi: 10.1016/j.neuron.2014.01.015.

Hsieh LT, Ekstrom AD, Ranganath C. 2011. Neural Oscillations associated with item and temporal order maintenance
in working memory. The Journal of Neuroscience 31:10803-10810. doi: 10.1523/JNEUROSCI.0828-11.2011.

Jadhav SP, Kemere C, German PW, Frank LM. 2012. Awake hippocampal sharp-wave ripples support spatial
memory. Science 336:1454-1458. doi: 10.1126/science.1217230.

Jafarpour A, Horner AJ, Fuentemilla L, Penny WD, Duzel E. 2013. Decoding oscillatory representations and
mechanisms in memory. Neuropsychologia 51:772-780. doi: 10.1016/j.neuropsychologia.2012.04.002.

Jafarpour A, Fuentemilla L, Horner AJ, Penny W, Duzel E. 2014. Replay of very early encoding representations
during recollection. The Journal of Neuroscience 34:242-248. doi: 10.1523/JNEUROSCI.1865-13.2014.

Johnson A, Redish AD. 2007. Neural ensembles in CA3 transiently encode paths forward of the animal at a
decision point. The Journal of Neuroscience 27:12176-12189. doi: 10.1523/JNEUROSCI.3761-07.2007.

Johnson JD, Rugg MD. 2007. Recollection and the reinstatement of encoding-related cortical activity. Cerebral
Cortex 17:2507-2515. doi: 10.1093/cercor/bhl156.

Johnson JD, Minton BR, Rugg MD. 2008. Content dependence of the electrophysiological correlates of
recollection. Neuroimage 39:406-416. doi: 10.1016/j.neuroimage.2007.08.050.

Kali S, Dayan P. 2004. Off-line replay maintains declarative memories in a model of hippocampal-neocortical
interactions. Nature Neuroscience 7:286-294. doi: 10.1038/nn1202.

Kok A. 2001. On the utility of P3 amplitude as a measure of processing capacity. Psychophysiology 38:557-577.
doi: 10.1017/50048577201990559.

Kourtzi Z, Connor CE. 2011. Neural representations for object perception: structure, category, and adaptive
coding. Annual Review of Neuroscience 34:45-67. doi: 10.1146/annurev-neuro-060909-153218.

Kriegeskorte N, Mur M, Bandettini P. 2008. Representational similarity analysis—connecting the branches of
systems neuroscience. Frontiers in Systems Neuroscience 2:4. doi: 10.3389/neuro.06.004.2008.

Kuhl BA, Chun MM. 2014. Successful remembering elicits event-specific activity patterns in lateral parietal cortex.
The Journal of Neuroscience 34:8051-8060. doi: 10.1523/JNEUROSCI.4328-13.2014.

Kuhl BA, Bainbridge WA, Chun MM. 2012. Neural reactivation reveals mechanisms for updating memory. The
Journal of Neuroscience 32:3453-3461. doi: 10.1523/JNEUROSCI.5846-11.2012.

Kurth-Nelson Z, Bickel W, Redish AD. 2012. A theoretical account of cognitive effects in delay discounting. The
European Journal of Neuroscience 35:1052-1064. doi: 10.1111/j.1460-9568.2012.08058.x.

Lamme VAF, Roelfsema PR. 2000. The distinct modes of vision offered by feedforward and recurrent processing.
Trends in Neurosciences 23:571-579. doi: 10.1016/50166-2236(00)01657-X.

Kurth-Nelson et al. eLife 2015;4:e04919. DOI: 10.7554/eLife.04919 16 of 18


http://dx.doi.org/10.7554/eLife.04919
http://dx.doi.org/10.1038/nature09633
http://dx.doi.org/10.1038/35094565
http://dx.doi.org/10.1016/j.neuron.2014.01.042
http://dx.doi.org/10.1162/neco.2007.19.6.1468
http://dx.doi.org/10.1038/nature04587
http://dx.doi.org/10.1098/rstb.2008.0300
http://dx.doi.org/10.1016/S0896-6273(01)00285-9
http://dx.doi.org/10.1016/S0896-6273(01)00285-9
http://dx.doi.org/10.1073/pnas.0706274105
http://dx.doi.org/10.1126/science.1164685
http://dx.doi.org/10.1101/lm.35200
http://dx.doi.org/10.1037/0003-066X.54.7.493
http://dx.doi.org/10.1016/j.neuron.2010.01.034
http://dx.doi.org/10.1111/j.1460-9568.2008.06437.x
http://dx.doi.org/10.1111/j.1460-9568.2008.06437.x
http://dx.doi.org/10.1126/science.1073538
http://dx.doi.org/10.1093/cercor/10.12.1233
http://dx.doi.org/10.1073/pnas.0913991107
http://dx.doi.org/10.1016/j.neuron.2014.01.015
http://dx.doi.org/10.1523/JNEUROSCI.0828-11.2011
http://dx.doi.org/10.1126/science.1217230
http://dx.doi.org/10.1016/j.neuropsychologia.2012.04.002
http://dx.doi.org/10.1523/JNEUROSCI.1865-13.2014
http://dx.doi.org/10.1523/JNEUROSCI.3761-07.2007
http://dx.doi.org/10.1093/cercor/bhl156
http://dx.doi.org/10.1016/j.neuroimage.2007.08.050
http://dx.doi.org/10.1038/nn1202
http://dx.doi.org/10.1017/S0048577201990559
http://dx.doi.org/10.1146/annurev-neuro-060909-153218
http://dx.doi.org/10.3389/neuro.06.004.2008
http://dx.doi.org/10.1523/JNEUROSCI.4328-13.2014
http://dx.doi.org/10.1523/JNEUROSCI.5846-11.2012
http://dx.doi.org/10.1111/j.1460-9568.2012.08058.x
http://dx.doi.org/10.1016/S0166-2236(00)01657-X

e LI FE Research article

Neuroscience

Lisman J, Redish AD. 2009. Prediction, sequences and the hippocampus. Philosophical transactions of the Royal
Society of London Series B, Biological sciences 364:1193-1201. doi: 10.1098/rstb.2008.0316.

Liu J, Harris A, Kanwisher N. 2002. Stages of processing in face perception: an MEG study. Nature Neuroscience
5:910-916. doi: 10.1038/nn909.

MacKay DG, Bowman RW Jr. 1969. On producing the meaning in Sentences. The American Journal of Psychology
82:23-39. doi: 10.2307/1420605.

Makeig S, Jung TP, Bell AJ, Ghahremani D, Sejnowski TJ. 1997. Blind separation of auditory event-related brain
responses into independent components. Proceedings of the National Academy of Sciences of USA 94:
10979-10984. doi: 10.1073/pnas.94.20.10979.

Manning JR, Polyn SM, Baltuch GH, Litt B, Kahana MJ. 2011. Oscillatory patterns in temporal lobe reveal
context reinstatement during memory search. Proceedings of the National Academy of Sciences of USA 108:
12893-12897. doi: 10.1073/pnas.1015174108.

Manning JR, Sperling MR, Sharan A, Rosenberg EA, Kahana MJ. 2012. Spontaneously reactivated patterns in
frontal and temporal lobe predict semantic clustering during memory search. The Journal of Neuroscience
32:8871-8878. doi: 10.1523/JNEUROSCI.5321-11.2012.

Marr D. 1971. Simple memory: a theory for archicortex. Philosophical transactions of the Royal Society of London
Series B, Biological sciences 262:23-81. doi: 10.1098/rstb.1971.0078.

Miller JF, Neufang M, Solway A, Brandt A, Trippel M, Mader |, Hefft S, Merkow M, Polyn SM, Jacobs J, Kahana MJ,
Schulze-Bonhage A. 2013. Neural activity in human hippocampal formation reveals the spatial context of
retrieved memories. Science 342:1111-1114. doi: 10.1126/science.1244056.

Mongillo G, Barak O, Tsodyks M. 2008. Synaptic Theory of working memory. Science 319:1543-1546.
doi: 10.1126/science.1150769.

Moore AW, Atkeson CG. 1993. Prioritized sweeping: reinforcement learning with less data and less time.
Machine Learning 13:103-130. doi: 10.1007/BF00993104.

Morton NW, Kahana MJ, Rosenberg EA, Baltuch GH, Litt B, Sharan AD, Sperling MR, Polyn SM. 2013. Category-
specific neural Oscillations predict recall organization during memory search. Cerebral Cortex 23:2407-2422.
doi: 10.1093/cercor/bhs229.

Naatanen R, Winkler I. 1999. The concept of auditory stimulus representation in cognitive neuroscience.
Psychological Bulletin 125:826-859. doi: 10.1037/0033-2909.125.6.826.

Nadasdy Z, Hirase H, Czurkd A, Csicsvari J, Buzsaki G. 1999. Replay and time compression of recurring spike
sequences in the hippocampus. The Journal of Neuroscience 19:9497-9507.

Norman KA, Polyn SM, Detre GJ, Haxby JV. 2006. Beyond mind-reading: multi-voxel pattern analysis of fMRI
data. Trends in cognitive sciences 10:424-430. doi: 10.1016/j.tics.2006.07.005.

Nyberg L, Habib R, McIntosh AR, Tulving E. 2000. Reactivation of encoding-related brain activity during memory
retrieval. Proceedings of the National Academy of Sciences of USA 97:11120-11124. doi: 10.1073/pnas.97.20.11120.

Oostenveld R, Praamstra P, Stegeman DF, van Oosterom A. 2001. Overlap of attention and movement-related
activity in lateralized event-related brain potentials. Clinical Neurophysiology 112:477-484. doi: 10.1016/
$1388-2457(01)00460-6.

Pfeiffer BE, Foster DJ. 2013. Hippocampal place-cell sequences depict future paths to remembered goals.
Nature 497:74-79. doi: 10.1038/nature12112.

Polyn SM, Natu VS, Cohen JD, Norman KA. 2005. Category-specific cortical activity Precedes retrieval during
memory search. Science 310:1963-1966. doi: 10.1126/science.1117645.

Rainer G, Rao SC, Miller EK. 1999. Prospective coding for objects in primate prefrontal cortex. The Journal of
Neuroscience 19:5493-5505.

Rao RP, Ballard DH. 1999. Predictive coding in the visual cortex: a functional interpretation of some extra-classical
receptive-field effects. Nature Neuroscience 2:79-87. doi: 10.1038/4580.

Riesenhuber M, Poggio T. 2000. Models of object recognition. Nature Neuroscience 3:1199-1204.
doi: 10.1038/81479.

Rissman J, Wagner AD. 2012. Distributed representations in memory: insights from functional brain imaging.
Annual Review of Psychology 63:101-128. doi: 10.1146/annurev-psych-120710-100344.

Rossion B, Jacques C. 2008. Does physical interstimulus variance account for early electrophysiological face
sensitive responses in the human brain? Ten lessons on the N170. Neuroimage 39:1959-1979. doi: 10.1016/j.
neuroimage.2007.10.011.

Sakai K, Miyashita Y. 1991. Neural organization for the long-term memory of paired associates. Nature 354:
152-155. doi: 10.1038/354152a0.

Sandberg K, Barnes GR, Rees G, Overgaard M. 2013. Magnetoencephalographic activity related to conscious
perception is Stable within individuals across Years but not between individuals. Journal of Cognitive
Neuroscience 26:840-853. doi: 10.1162/jocn_a_00525.

Sanguinetti JL, Allen JUB, Peterson MA. 2014. The ground side of an object: perceived as shapeless yet
processed for semantics. Psychological Science 25:256-264. doi: 10.1177/0956797613502814.

Schacter DL, Addis DR, Hassabis D, Martin VC, Spreng RN, Szpunar KK. 2012. The future of memory: remember-
ing, imagining, and the brain. Neuron 76:677-694. doi: 10.1016/j.neuron.2012.11.001.

Schiff S, Mapelli D, Vallesi A, Orsato R, Gatta A, Umilta C, Amodio P. 2006. Top-down and bottom-up processes
in the extrastriate cortex of cirrhotic patients: an ERP study. Clinical Neurophysiology 117:1728-1736.
doi: 10.1016/j.clinph.2006.04.020.

Schmolesky MT, Wang Y, Hanes DP, Thompson KG, Leutgeb S, Schall JD, Leventhal AG. 1998. Signal timing
across the macaque visual system. Journal of Neurophysiology 79:3272-3278.

Kurth-Nelson et al. eLife 2015;4:e04919. DOI: 10.7554/eLife.04919 17 of 18


http://dx.doi.org/10.7554/eLife.04919
http://dx.doi.org/10.1098/rstb.2008.0316
http://dx.doi.org/10.1038/nn909
http://dx.doi.org/10.2307/1420605
http://dx.doi.org/10.1073/pnas.94.20.10979
http://dx.doi.org/10.1073/pnas.1015174108
http://dx.doi.org/10.1523/JNEUROSCI.5321-11.2012
http://dx.doi.org/10.1098/rstb.1971.0078
http://dx.doi.org/10.1126/science.1244056
http://dx.doi.org/10.1126/science.1150769
http://dx.doi.org/10.1007/BF00993104
http://dx.doi.org/10.1093/cercor/bhs229
http://dx.doi.org/10.1037/0033-2909.125.6.826
http://dx.doi.org/10.1016/j.tics.2006.07.005
http://dx.doi.org/10.1073/pnas.97.20.11120
http://dx.doi.org/10.1016/S1388-2457(01)00460-6
http://dx.doi.org/10.1016/S1388-2457(01)00460-6
http://dx.doi.org/10.1038/nature12112
http://dx.doi.org/10.1126/science.1117645
http://dx.doi.org/10.1038/4580
http://dx.doi.org/10.1038/81479
http://dx.doi.org/10.1146/annurev-psych-120710-100344
http://dx.doi.org/10.1016/j.neuroimage.2007.10.011
http://dx.doi.org/10.1016/j.neuroimage.2007.10.011
http://dx.doi.org/10.1038/354152a0
http://dx.doi.org/10.1162/jocn_a_00525
http://dx.doi.org/10.1177/0956797613502814
http://dx.doi.org/10.1016/j.neuron.2012.11.001
http://dx.doi.org/10.1016/j.clinph.2006.04.020

e LI FE Research article

Neuroscience

Schneider TR, Debener S, Oostenveld R, Engel AK. 2008. Enhanced EEG gamma-band activity reflects multisen-
sory semantic matching in visual-to-auditory object priming. Neuroimage 42:1244-1254. doi: 10.1016/].
neuroimage.2008.05.033.

Schwindel CD, McNaughton BL. 2011. Hippocampal-cortical interactions and the dynamics of memory trace
reactivation. Progress in Brain Research 193:163-177. doi: 10.1016/B978-0-444-53839-0.00011-9.

Seidel RJ. 1959. A review of sensory preconditioning. Psychological Bulletin 56:58-73. doi: 10.1037/h0040776.

Seung HS. 2003. Learning in spiking neural networks by reinforcement of stochastic synaptic transmission.
Neuron 40:1063-1073. doi: 10.1016/50896-6273(03)00761-X.

Singer AC, Carr MF, Karlsson MP, Frank LM. 2013. Hippocampal SWR activity predicts correct decisions during
the initial learning of an alternation task. Neuron 77:1163-1173. doi: 10.1016/j.neuron.2013.01.027.

Sirota A, Csicsvari J, Buhl D, Buzsaki G. 2003. Communication between neocortex and hippocampus during
sleep in rodents. Proceedings of the National Academy of Sciences of USA 100:2065-2069. doi: 10.1073/
pnas.0437938100.

Steiner AP, Redish AD. 2014. Behavioral and neurophysiological correlates of regret in rat decision-making on a
neuroeconomic task. Nature Neuroscience 17:995-1002. doi: 10.1038/nn.3740.

Sutton RS. 1991. Dyna, an Integrated Architecture for learning, planning, and reacting. ACM SIGART Bulletin
2:160-163. doi: 10.1145/122344.122377.

Sutton RS. 1995. TD models: Modeling the world at a Mixture of time scales. In. Proceedings of the Twelfth
International Conference on Machine Learning, Morgan Kaufmann. p. 531-539.

Tanaka JW, Curran T. 2001. A neural basis for expert object recognition. Psychological Science 12:43-47.
doi: 10.1111/1467-9280.00308.

Todd PM, Hills TT, Robbins TW. 2012. Cognitive search: evolution, algorithms, and the brain. MIT press.

Tsivilis D, Otten LJ, Rugg MD. 2001. Context effects on the neural correlates of recognition memory: an
electrophysiological study. Neuron 31:497-505. doi: 10.1016/50896-6273(01)00376-2.

Tulving E, Thomson DM. 1973. Encoding specificity and retrieval processes in episodic memory. Psychological
Review 80:352-373. doi: 10.1037/h0020071.

Ullman S. 2000. High-Level Vision: Object Recognition and Visual Cognition. MIT press.

Van der Meer MA, Johnson A, Schmitzer-Torbert NC, Redish AD. 2010. Triple dissociation of information
processing in dorsal striatum, ventral striatum, and hippocampus on a learned spatial decision task. Neuron
67:25-32. doi: 10.1016/j.neuron.2010.06.023.

Van de Nieuwenhuijzen ME, Backus AR, Bahramisharif A, Doeller CF, Jensen O, van Gerven MA. 2013. MEG-
based decoding of the spatiotemporal dynamics of visual category perception. Neuroimage 83:1063-1073.
doi: 10.1016/j.neuroimage.2013.07.075.

VanRullen R, Thorpe SJ. 2001. The time course of visual processing: from early perception to decision-making.
Journal of Cognitive Neuroscience 13:454-461. doi: 10.1162/08989290152001880.

Wang Y, Markram H, Goodman PH, Berger TK, Ma J, Goldman-Rakic PS. 2006. Heterogeneity in the pyramidal
network of the medial prefrontal cortex. Nature Neuroscience 9:534-542. doi: 10.1038/nn1670.

Wimber M, MaaB3 A, Staudigl T, Richardson-Klavehn A, Hanslmayr S. 2012. Rapid memory reactivation revealed
by oscillatory Entrainment. Current Biology 22:1482-1486. doi: 10.1016/j.cub.2012.05.054.

Wimmer GE, Shohamy D. 2012. Preference by association: how memory mechanisms in the hippocampus bias
decisions. Science 338:270-273. doi: 10.1126/science.1223252.

Yick YY, Wilding EL. 2008. Material-specific neural correlates of memory retrieval. NeuroReport 19:1463-1467.
doi: 10.1097/WNR.0b013e32830ef76f.

Kurth-Nelson et al. eLife 2015;4:e04919. DOI: 10.7554/eLife.04919 18 of 18


http://dx.doi.org/10.7554/eLife.04919
http://dx.doi.org/10.1016/j.neuroimage.2008.05.033
http://dx.doi.org/10.1016/j.neuroimage.2008.05.033
http://dx.doi.org/10.1016/B978-0-444-53839-0.00011-9
http://dx.doi.org/10.1037/h0040776
http://dx.doi.org/10.1016/S0896-6273(03)00761-X
http://dx.doi.org/10.1016/j.neuron.2013.01.027
http://dx.doi.org/10.1073/pnas.0437938100
http://dx.doi.org/10.1073/pnas.0437938100
http://dx.doi.org/10.1038/nn.3740
http://dx.doi.org/10.1145/122344.122377
http://dx.doi.org/10.1111/1467-9280.00308
http://dx.doi.org/10.1016/S0896-6273(01)00376-2
http://dx.doi.org/10.1037/h0020071
http://dx.doi.org/10.1016/j.neuron.2010.06.023
http://dx.doi.org/10.1016/j.neuroimage.2013.07.075
http://dx.doi.org/10.1162/08989290152001880
http://dx.doi.org/10.1038/nn1670
http://dx.doi.org/10.1016/j.cub.2012.05.054
http://dx.doi.org/10.1126/science.1223252
http://dx.doi.org/10.1097/WNR.0b013e32830ef76f

