communications biology

Article

A Nature Portfolio journal

https://doi.org/10.1038/s42003-025-08569-9

Temporal asymmetry of neural pattern
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A stimulus can be familiar for multiple reasons. It might have been recently encountered, is similar to
recent experience, or is similar to ‘typical’ experience. Understanding how the brain translates these
sources of similarity into memory decisions is a fundamental, but challenging goal. Here, using
functional magnetic resonance imaging (fMRI), we computed neural similarity between a current
stimulus and events from different temporal windows in the past and future (from seconds to days). We
show that trial-by-trial recognition memory decisions (is this stimulus ‘old’?) were predicted by the
difference in similarity to past vs. future events (temporal asymmetry). This relationship was (i) evident
in lateral parietal and occipitotemporal cortices, (ii) strongest when considering events from the recent
past (minutes ago), and (iii) most pronounced when veridical (true) memories were weak. These
findings elucidate how the brain evaluates past experience in service of making recognition memory

decisions.

The ability to recognize a previously encountered stimulus (recognition
memory) is one of the most fundamental and well-studied forms of memory
in both humans and non-human animals'~. Over the past several decades,
there has been substantial progress in identifying the brain regions that are
involved in recognition memory decisions. In particular, univariate acti-
vation in subregions of lateral parietal cortex has been shown to scale with
memory decisions (whether a stimulus is judged to be “old” vs. “new”).
However, a more elusive goal is to identify the specific computations that
these brain regions perform in order to reach recognition memory decisions.

According to a highly influential class of computational models,
recognition memory decisions are based on “global similarity” (sometimes
called “summed similarity”) between a current stimulus (a memory
“probe”) and other recently-encountered stimuli. The core idea in these
models is that if global similarity between the probe and recent experience is
sufficiently high, the probe will be judged “old™* . These models, which are
collectively referred to as global matching models, can explain an impressive
number of findings from behavioral studies””. One particularly appealing
aspect of these models is that they provide an elegant way of explaining why
novel probes are sometimes falsely recognized. Namely, when a probe is
novel, false recognition will occur if the probe has sufficiently high global
similarity with other, studied stimuli.

To date, a few human fMRI studies have used pattern-based analyses to
compute neural measures of global similarity. These studies have found that

higher neural global similarity—including in lateral parietal cortex—
is associated with a greater likelihood of endorsing a memory probe as
“old”'"'*. However, these studies suffer from a critical limitation: they do not
consider the role of time. If neural measures of global similarity are capturing
the influence that episodic memories of past experiences exert on current
decisions, then time will be a critical factor. For example, events from the
recent past should have a greater influence on current memory decisions
than events from the distant past. However, it is alternatively possible that
neural measures of global similarity do not, in fact, capture the influence of
episodic memory but instead capture time-invariant effects of similarity. For
example, a probe may have high neural similarity to other stimuli (whether
they are in the past or even the future) simply because the probe is a more
typical/common stimulus, or more consistent with schemas that have been
generated from a lifetime of experience. This alternative account is
important because it is well documented that when novel memory probes
are more typical, they are more likely to be (falsely) judged as “old”"*'. Thus,
to understand the neural computations that drive recognition memory
decisions, it is imperative—but not trivial—to tease apart time-variant
influences (e.g., recent experience) from time-invariant influences.

Here, in order to isolate the influence of recent experience on current
memory decisions, we leveraged data from the Natural Scenes Dataset *—a
massive human fMRI study in which 8 subjects each completed tens of
thousands of trials of a continuous recognition memory test distributed over
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many months (Fig. 1a, b). On each trial, subjects saw a natural scene image
and decided whether the image was “old” or “new” (in the context of the
experiment). On a trial-by-trial basis, we computed the fMRI pattern
similarity of the current stimulus (probe) not only to events from the past
(sampling from seconds to days in the past), but also to events in the future
(the mirror image of events in the past). This unique analysis approach
allowed us to identify brain regions that exhibited temporally-asymmetric
relationships between global similarity and memory decisions. If memory
decisions are more strongly influenced by neural similarity to past events
compared to future events (ie., a backward asymmetry), this provides
unambiguous evidence for an influence of episodic memories on current
decisions. Conversely, if memory decisions are driven by more generic
effects of typicality (that are time-invariant), no temporal asymmetry would
be expected.

Motivated by numerous neuroimaging studies implicating lateral
parietal cortex in recognition memory decisions'*"*—and in representing
the contents of memories'*”'—we specifically predicted a backward
asymmetry in lateral parietal cortex. That is, we predicted that the decision
to endorse a probe as “old” would be driven by the strength of lateral parietal
similarity to past events relative to future events. For comparison, we also
considered several additional regions of interest that are involved in
memory, vision, and motor responses.

To preview, we show that recognition memory decisions are robustly
predicted by backward asymmetry of global similarity in lateral parietal cortex.
This influence was selective to events from the recent past (as opposed to more
temporally-distant events) and was also related to the objective mnemonic
history of a probe: global similarity had the strongest effect on memory
decisions when the probe had not recently been encountered. Finally, using
convolutional neural networks, we show that neural measures of global
similarity that drive memory decisions primarily contain information about
high-level visual features. Collectively, these findings provide new insight into
how recognition memory decisions are computed.

Results

Recognition memory performance

Considering performance across all experimental sessions, mean recogni-
tion memory discriminability (d’) was 1.23 (range across subjects:

0.69-2.92), which was significantly above chance (t(39) = 15.53, p < 0.001).
Stimulus repetition improved recognition memory, as reflected by a higher
d’ for stimuli encountered for the 3rd time (E3, mean d’ = 1.62) compared to
the second encounter (E2, mean d’=1.11) (paired t-test: #=14.09,
P <0.001). However, performance significantly decreased over sessions
(linear mixed-effects model, Xz(l) =308.04, p < 0.001) (Fig. 1c). The mean hit
rate across all sessions was 62.8% (54.6-86.5%) and the mean false alarm
rate was 23.3% (4.6-39.9%). Linear mixed-effects models revealed that while
the hit rate decreased across sessions (x’(;) = 74.35, p < 0.001), the false alarm
rate increased (1) = 117.76, p < 0.001).

One distinct advantage of the current data set is that it provides an
incredibly large number of total trials per subject and, consequently, a very
large number of both “hit” trials (repeated images correctly identified as
“old”) and “false alarm” trials (novel images falsely identified as “old”). The
mean number of hit trials per subject was 10,414 (range: 6749-15,682)
(Fig. 1d) and the mean number of false alarm trials was 1715 (range:
494-3087)(Fig. le).

Because not all subjects completed all 40 experimental sessions (range:
30-40 sessions), we restricted subsequent analyses to the first 30 sessions so
that session effects were matched across subjects. Considering only the first
30 sessions, the mean d, hit rate, and false alarm rate were 1.34 (range:
0.78-2.92), 63.3% (range: 54.6-86.5%) and 20.2% (range: 4.6-32.5%),
respectively. Across the first 30 sessions, each subject saw 9209 novel images
and 13,291 repeated images.

Predicting memory decisions from neural global pattern
similarity

Our overarching goal was to isolate the influence that past events exerted on
memory decisions in the continuous recognition task. Because we hypo-
thesized that the relative recency of past events would determine their
influence, we separated past events into three temporal windows—
immediate, recent, and distant—that corresponded to events from the same
scan run (immediate), the same scan session (recent), or a different scan
session (distant). Specifically, the immediate temporal window binned trials
from the same scan run as the current probe, extending 15 trials in the past
(mean temporal distance to probe = 35.0s, range: 4.0-68.0 s); the recent
temporal window included trials from the preceding 3 scan runs, excluding

Fig. 1 | Experimental design and memory perfor-
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Fig. 2 | Global similarity effects. a Global similarity
of neural patterns was calculated between the cur-
rent trial and trials within each temporal window.
The global similarity values from the forward (in the
future) temporal windows were subtracted from the
corresponding global similarity values from the
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trials within the same scan run as the probe (mean=3.9 min, range:
2.8-37.1 min); and the distant temporal window included trials from the
prior fMRI session (mean = 7.3 days, range: 1.0-28.0 days).

To measure the similarity of each memory probe to events from the
past, we used fMRI pattern similarity to compute neural measures of global
similarity. Specifically, for each memory probe, global similarity within a
given brain region of interest (ROI) was obtained by taking the fMRI activity
pattern from the current trial (probe) and correlating it (Pearson correla-
tion) with the fMRI activity pattern for each of the trials within a given
temporal window. These correlations were then Fisher z-transformed and
averaged, yielding a global similarity value for each of the three temporal
windows in the past. Critically, we also computed global similarity to stimuli
in the future using the same approach and same three temporal windows,
but for stimuli that had not yet been encountered. Finally, for each temporal
window, we subtracted “forward” global similarity (to future events) from
“backward” global similarity (to past events). All global similarity analyses
reported below were based only on this difference score (Fig. 2a). Our
rationale for this approach was that any temporally-symmetric similarity
effects would cancel out. For example, if a given scene image (probe)
includes very common objects or landmarks, then it should be normatively
similar to other scenes (whether they occurred in the past or the future). In
contrast, any contribution of episodic memory to global similarity would
necessarily be temporally asymmetric (past > future). Thus, subtracting
forward similarity from past similarity is a simple, but powerful way to
isolate the influence of past experience.

To test whether global similarity predicted memory decisions, we built
mixed-effects logistic regression models in which global similarity values
served as predictors and the outcome (dependent measure) was the memory
decision for each probe (i.e., whether the probe was judged to be “old”). Our
initial models included global similarities from all three temporal windows

as separate regressors. We also included a categorical regressor representing
the veridical mnemonic history of the probe: whether the probe image was
being presented for the 1st, 2nd or 3rd time (E1, E2, E3). Importantly, a
correct response for an E1 trial would be “new” (correct rejection), whereas a
correct response for an E2 or E3 trial would be “old” (hit); however, for initial
models, we were testing whether global similarity had a common influence
(across E1, E2, E3 trials) on the probability of an “old” response, as opposed
to the probability of a correct response. In addition, session number and the
proportion of old responses within each temporal window were also
included in the model to account for potential decision criteria drift (across
sessions) and the influence of response history (e.g., if a relatively high/low
number of “old” responses were made in a given temporal window). (See
“Methods” for detailed model specifications).

Motivated by prior studies, we had an a priori interest in global simi-
larity within lateral parietal cortex'*"!, which we divided into three regions of
interest (ROI): angular gyrus (AnG), lateral intraparietal sulcus (LatIPS),
and posterior intraparieral sulcus (pIPS) (Fig. 2b). We also included ventral
occipitotemporal cortex (VOTC) given its role in representing the content
of natural scenes images™ and the hippocampus (HPC) given its importance
in episodic memory****. In addition, we included early visual cortex (EVC)
and primary motor cortex (M1) as active control regions. For EVC, we
reasoned that while it would represent low-level properties of currently
displayed stimuli, these representations would not be related to memory.
For M1, we had no reason to expect it to be involved in representing scene
content or to be related to memory, but it serves as a useful control given that
it should track motor responses. Each ROI was associated with a unique
mixed-effects logistic regression model.

As a first step, we tested for an omnibus global similarity effect by
comparing full models (with all three global similarity regressors) to models
without any global similarity regressors. This revealed that global similarity
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was predictive of memory decisions—with higher global similarity asso-
ciated with a greater probability of an ‘old’ response—in LatIPS
(P =2177, p=0010), pIPS (r’w=31.17, p<0.001), and VOTC
(9)=26.22, p=0.002), with all three models surviving correction for
multiple comparisons. There was also a global similarity effect in EVC
(¥0) = 19.02, p=0.025), which did not survive correction, and a trend
toward an effect in AnG (x’«) = 16.02, p =0.067). There was no effect of
global similarity in HPC (x’)=2.76, p=0.973) or M1 (x'(9)="742,
P =0.594). Notably, the observed effects in lateral parietal and VOTC ROIs
were largely the same when univariate activation was added to the models as
a covariate (Supplementary Fig. 1).

For the preceding analyses, all trials within a given temporal window
were given equal weight (with pattern similarity simply averaged across all
trials). While the idea of pooling across trials is central to global matching
models, some models do give higher weight to past events that strongly
match a current probe (ie., high similarity matches)”. This does raise an
important question of whether, in our analyses, there was any benefit to
averaging across trials, as opposed to only using the most similar trials. Thus,
we tested another set of models where, for each temporal window, we only
included the similarity for the single trial that was most similar to the current
probe. In other words, we replaced the averaged (global) similarity with the
maximal similarity. For these models, regressors for each of the three
temporal windows were included within the same model. Maximal simi-
larity did not predict memory decisions for any of the ROIs (AnG,
Yoy =1431, p=0.112; LatIPS, y’«) = 11.25, p=0.259; pIPS, y’ = 13.87,
p=0.127; VOTG, 6, = 16.75, p = 0.053; HPC, (6 = 9.12, p = 0.426; EVC,
Yoy =12.62, p=0.181; M1, y’9)=6.09, p=0.731). We observed similar
results when selecting the top 3 most similar trials (all p’s > 0.074) or top 5
most similar trials (all p’s > 0.097). Thus, the success of the global similarity
models cannot be explained by the influence of a single trial—or handful of
trials—with the highest similarity to the probe.

We next performed follow-up analyses again using global similarity to
predict memory decisions, but separately for each temporal window
(immediate, recent, distant). Interestingly, none of the ROIs exhibited a
significant global similarity effect for the immediate temporal window (all
p’s >0.14). For the recent temporal window, however, there were significant
effects in LatIPS (8=0.038, Z=3.16, p=0.002, 95% CI=[0.014, 0.061],
survived correction), pIPS (8 =0.057, Z=4.70, p <0.001, 95% CI = [0.033,
0.081], survived correction), VOTC (= 0.040, Z=3.27, p=0.001, 95%
CI=[0.016, 0.064], survived correction) and a trend in AnG (8 =0.021,
Z=1.78, p=0.074,95% CI = [-0.002, 0.044]) (Fig. 2c). There were no effects
in EVC, HPC or M1 (p’s > 0.458). For the distant temporal window, only
VOTC showed a significant global similarity effect (8=0.027, Z=2.25,
p=0.025, 95% CI=[0.003, 0.050]), but it did not survive correction for
multiple comparisons (all other regions: p’s > 0.179). One complication in
comparing these temporal windows, however, is that they substantially
differed in the number of trials that were included in the global similarity
measure (immediate temporal window = 15 trials, recent 188 trials, dis-
tant = 750 trials). To address this imbalance, we re-ran the models, this time
computing global similarity by selecting a random 15 trials for the recent
and distant temporal windows (thereby matching the immediate temporal
window), repeating this process 1000 times to obtain a distribution of effects
(Supplementary fig. 2). The global similarity of the immediate temporal
window (15 trials) was also included in the model to mimic the full model we
used. Replicating the findings from the full model, the global similarity effect
in the recent temporal window remained significant in LatIPS (mean
B=0024, p=0.008, 95% CI=[0.006, 0.043]), pIPS (mean B=0.037,
p<0.001,95% CI = [0.018, 0.055]) and VOTC (mean 3 =0.027, p < 0.001,
95% CI = [0.009, 0.044]). Strikingly, for each of these ROIs, the effects for the
recent temporal window (sub-sampled 15 trials) were clearly stronger than
the effects for the immediate temporal window (LatIPS: p < 0.001, 95%
CI=[0.013, 0.050]; pIPS: p<0.001, 95% CI=[0.026, 0.063]; VOTC:
p<0.001, 95% CI=[0.011, 0.046]), indicating that the higher number of
trials in the recent temporal window cannot explain the advantage relative to
the recent temporal window.

In another set of follow-up analyses, in order to more concretely
establish the temporally-asymmetric influence of global similarity, we ran
separate models that were restricted to backward global similarity or for-
ward global similarity (Supplementary Fig. 3). Focusing on the recent
temporal window, these models demonstrated that whereas backward
similarity had a strong influence on memory decisions in LatIPS (8 = 0.112,
Z =321, p=0.001, 95% CI = [0.044, 0.181]) and pIPS (8= 0.205, Z = 5.06,
P <0.001,95% CI =[0.125, 0.284]), forward similarity did not (p’s > 0.604).
AnG and VOTC showed qualitatively similar patterns (backward > for-
ward), but the effects were not significant for either model (p’s > 0.056).

Taken together, the analyses presented thus far strongly implicate
regions of lateral parietal cortex and VOTC in reflecting a temporally-
asymmetric influence of experience on memory decisions and specifically
identify the recent temporal window—events that occurred minutes ago in
the past—as being most influential. In subsequent analyses, we therefore
focus on the lateral parietal and VOTC ROIs, and we restrict analyses to the
recent temporal window.

Influence of global similarity depends on mnemonic history

of probe

In all of the global similarity models presented thus far, we included a
regressor to account for the novelty of the probe—whether the probe was
novel (1st exposure; E1) or had been presented before (2nd or 3rd exposure;
E2, E3). This means that “old” responses were sometimes false alarms (E1
trials) and other times were hits (E2, E3 trials). However, an interesting
question is whether the influence of global similarity varies as a function of
the novelty of the probe. In particular, we hypothesized that global similarity
would have a relatively stronger influence on memory decisions for Novel
probe trials compared to Old probe trials. Our rationale for this prediction
was that when the probe was Novel, there is no “true” memory signal (i.e.,
there is no event-specific true memory for the prior encounter) “competing”
for influence on memory decisions. In contrast, for Old trials we reasoned
that “true” memory for a prior encounter with the probe would compete
with—and largely override—the influence of global similarity. To test this,
we constructed another set of mixed-effects logistic regression models. Here,
based on results presented above, we only included the recent temporal
window and only tested the lateral parietal ROIs and VOTC. Additionally,
to create balance in the number of Novel vs. Old trials, we included E1 (1st
exposure; objectively Novel) and E2 (2nd exposure; objectively Old) trials,
but excluded E3 trials. For a given E1 trial, if the corresponding E2 and/or E3
trial fell within the forward temporal window, the E2/E3 trial was omitted
from the forward global similarity measure. Likewise, for a given E2 trial, if
corresponding E1 or E3 trials fell within the backward or forward temporal
windows, respectively, they were omitted from the corresponding global
similarity measures. In other words, we ensured that global similarity only
reflected the similarity of the current stimulus to other stimuli.

Counter to our prediction, the global similarity effect was not sig-
nificantly stronger for Novel trials than Old trials in any of the lateral parietal
or VOTC ROIs (p’s > 0.106; Fig. 3a). For each of the ROISs, there was a
significant effect of global similarity on memory decisions for Novel trials
(AnG, $=0.081, Z=3.99, p<0.001, 95% CI=[0.041, 0.121]; LatIPS,
$=0.059, Z=2.93, p=0.003, 95% CI=[0.020, 0.099]; pIPS, 5=0.093,
Z =457, p<0.001, 95% CI=[0.053, 0.133]; VOTC, =0.047, Z=2.29,
p=0.022, 95% CI =[0.007, 0.088]; all survived correction) as well as Old
trials (AnG, $=0.037, Z=2.08, p = 0.037, 95% CI = [0.002, 0.073]; LatIPS,
B=0044, Z=245 p=0.014, 95% CI=1[0.009, 0.080]; pIPS, =0.094,
Z=5.16, p<0.001, 95% CI=[0.058, 0.129]; VOTC, =0.081, Z=4.53,
P <0.001,95% CI = [0.046,0.117]; all survived correction). Thus, even when
stimuli had previously been encountered (E2 trials), global similarity
(similarity to other stimuli) still had a robust influence on memory decisions.

One potential explanation for why we did not see a weaker influence of
global similarity for Old (E2) trials than Novel (E1) trials is that, for many of
the Old trials, a true memory signal may have been quite weak. Specifically,
given the highly protracted nature of the experiment (analyses included 30
fMRI sessions per subject distributed over many months), for many of the
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Fig. 3 | Global similarity effect as a function of a
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Old trials (E2), the prior exposure of the stimulus (E1) occurred days, weeks,
or even months in the past. Thus, we ran a set of post-hoc models, now
focusing only on the Old trials (E2), but with these trials split into two groups
based on when the prior exposure occurred (E1). “Old-within” trials cor-
responded to E2 trials for which E1 occurred within the same session—in
other words, memory for the prior exposure was likely to be relatively
strong. “Old-across” trials corresponded to E2 trials for which E1 occurred
ina prior session (i.e., at least a day in the past)—in other words, memory for
the prior exposure was likely to be relatively weak or even absent. Impor-
tantly, as in the preceding analyses, if E1 or E3 trials fell within the backward
or forward temporal windows, respectively, they were excluded from the
global similarity measure.

Strikingly, the effect of global similarity was significantly stronger for
Old-across trials than Old-within trials in AnG (Z=2.52, p=0.012) and
LatIPS (Z=2.12, p = 0.034), but not in pIPS (Z=0.24, p =0.814) or VOTC
(Z=0.10, p =0.921). For the Old-across trials, there were significant effects of
global similarity for each of the ROIs (AnG, 8 = 0.079, Z = 3.37,p < 0.001,95%
CI=[0.033, 0.125]; LatIPS, 3 =0.077, Z=3.26, p=0.001, 95% CI=[0.031,
0.123]; pIPS, B=0.100, Z =4.23, p < 0.001, 95% CI = [0.054, 0.147]; VOTC,
B=0.094,Z=3.97,p <0.001,95% CI = [0.048, 0.141]; all survived correction)
(Fig. 3b). For the Old-within trials, however, there was a significant effect of
global similarity in pIPS (8=0.088, Z=198, p=0.048, 95% CI=[0.001,
0.176]) and a similar trend in VOTC (=0.089, Z=1.95, p=0.052, 95%
CI=[-0.001, 0.179]), but effects in AnG and LatIPS were completely
eliminated (p’s > 0.293). Thus, for pIPS and VOTC, global similarity had a
surprisingly robust influence on memory decisions irrespective of the strength
of a “true memory” signal. In contrast, for AnG and LatIPS, the influence of
global similarity on memory decisions was markedly suppressed when a true
memory for past experience was relatively strong (Old-within trials).

Tradeoff between global similarity and true memory signals

Our interpretation of the results for the Old-within trials in AnG and LatIPS
is that the influence of global similarity was reduced by the availability of a
true memory for prior experience with the stimulus (E1 memory). To test

this prediction more directly, we constructed another set of models—again
using the Old-within and Old-across groupings and the same exclusion
criteria as in the preceding model—but we now replaced global similarity
with a measure of same-stimulus similarity. That is, we simply computed the
E1-E2 pattern similarity and used this as a predictor of memory decisions (at
E2). Note: for this model, we did not subtract “forward” pattern similarity
(E2-E3 similarity) from “backward” pattern similarity (E1-E2 similarity)
because the spacing between events was variable. In other words, it was not
possible to create symmetrical measures.

The influence of same-stimulus similarity on memory decisions was
significant across each of the lateral parietal and VOTC ROIs for the Old-
within (AnG: $=0.178, Z=4.18, p < 0.001, 95% CI = [0.094, 0.261]; LatIPS:
$=0335 Z=748, p<0.001, 95% CI=[0.248, 0.423]; pIPS: =0.502,
Z=11.75, p<0.001, 95% CI=[0.419, 0.586]; VOTC: 8 =0.505, Z=12.67,
P <0.001, 95% CI =[0.428, 0.583]; all survived correction) and Old-across
trials (AnG: f=0.115, Z=4.46, p <0.001, 95% CI = [0.065, 0.166]; LatIPS:
B=0.070, Z=2.66, p=0.008, 95% CI=[0.018, 0.122]; pIPS: f=0.082,
Z=2.83, p=0.005, 95% CI=1[0.025, 0.139]; VOTC: $=0.069, Z=245,
p=0.014, 95% CI=[0.014, 0.124]; all survived correction)(Fig. 3¢). Specifi-
cally, stronger E1-E2 pattern similarity was associated with a higher prob-
ability of endorsing an E2 stimulus as “old”. However, this effect was
significantly stronger for Old-within trials than Old-across trials in LatIPS
(Z=5.19, p<0.001), pIPS (Z=847, p<0.001), and VOTC (Z=9.17,
P <0.001); for AnG, there was no significant difference between the trial types
(Z=1.27, p=0.205). Thus, the relative recency of E1 had opposite effects on
the influence of global similarity vs. same-stimulus similarity. When E1
appeared more recently (Old-within vs. Old-across), the influence of same-
stimulus similarity was relatively greater (for LatIPS, pIPS, and VOTC) and
the influence of global similarity was relatively lower (for AnG and LatIPS).

Activity patterns in parietal cortex reflect high-level visual
information

While the results above demonstrate that activity patterns in lateral parietal
and VOTC ROIs reflected information that was relevant to memory
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Fig. 4 | Similarity between fMRI and VGG-16 a
representations. a A schematic of how representa-
tional dissimilarity matrices (RDMs) were calcu-
lated. Images that all subjects viewed in the fMRI
experiment were passed to the deep neural network
(DNN) model (VGG-16). Then, the activation pat-
terns of each DNN layer were extracted and pairwise
distances (based on Pearson correlations) between
images were calculated to form the neural network
RDMs. Similarly, fMRI activation patterns were
extracted for each of the same images, separately for
each ROI and subject, to form the fMRI RDMs.
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decisions, they do not specify the nature of the information in these activity
patterns. To address this, we conducted a final set of analyses in which we
tested for relationships between activity patterns in each ROI and infor-
mation content within different layers of a deep convolutional neural
network™. Specifically, we passed the stimuli (natural scene images)
through pre-trained VGG-16 model™ to obtain the activation pattern for
each image at each processing layer. For this analysis, we used the 907
images that were shared across all 8 subjects. Using the VGG-16 activation
patterns, we constructed a representational dissimilarity matrix (RDM) by
calculating pairwise Pearson correlation between obtained activation pat-
terns for each layer of the model (RDMyg.16)- Similarly, for each subject,
we then constructed RDM:s for each ROI (RDMyeurar) from fMRI activation
patterns. We then performed Spearman correlations between RDMy g .16
and RDMpeyya in order to measure the degree to which representational
structure in a given brain region resembled the representational structure in
a given VGG-16 layer (Fig. 4a). Statistical significance at the group level was
assessed using one-sided Wilcoxon signed-rank tests’. We hypothesized
that representational structure in lateral parietal and VOTC regions would
most closely resemble representational structure in relatively late layers of
VGG-16 (which are thought to reflect higher-level visual content and,
ultimately, semantic information").

Significant positive correlations between the RDMygg.16 and the
RDMpeural Were observed across many ROIs. These correlations were
observed for relatively late layers in AnG (layers 3-8, all rank sum > 36,
P’s <0.004), LatIPS (layers 6-8, all rank sum >32, p’s < 0.027), pIPS (layers
4-8,all rank sum >34, p’s < 0.012), and VOTC (layers 3-8, all rank sum =35,
P’s <0.008) (Fig. 4b). In contrast, for EVC, correlations were strongest in
relatively early layers (layers 1-4, all rank sum >33, p’s < 0.020). Significant
correlations were also observed in HPC (layers 3-8, all rank sum 236,
P’s <0.004), but not in M1. Of particular relevance, the similarity between
VGG-16 and fMRI RDMs increased as a function of VGG-16 model layer in
the lateral parietal and VOTC ROIs. Specifically, a Spearman correlation
between layers (1-8) and RDM similarities revealed a significant positive
relationship in AnG (rho = 0.64, p <0.001), LatIPS (rho = 0.72, p < 0.001),
pIPS (rho = 0.66, p <0.001), and VOTC (rho = 0.66, p <0.001). A similar
effect was observed in HPC (rho = 0.64, p < 0.001). In contrast, there was a
significant negative relationship between layers (1 to 8) and RDM simila-
rities in EVC (rho = —0.84, p < 0.001). Together, these results demonstrate a
clear distinction between the information tracked by early visual cortex

versus lateral parietal and VOTC ROIs. Of central relevance, all of the ROIs
in which we observed effects of global similarity on memory decisions (the
parietal ROIs and VOTC) were characterized by a preference for infor-
mation within late VGG layers. While independently establishing the nature
of information within the VGG layers is beyond the scope of the present
study, our findings—when considered in related to prior studies’*—are
consistent with the idea that global similarity influences on memory deci-

sions operated at a relatively high representational level.

Discussion

Here, using data from a massive fMRI recognition memory study”, and
inspired by classic theories in cognitive psychology’~, we show that trial-by-
trial recognition memory decisions are predicted by temporally-asymmetric
neural measures of global similarity. Specifically, we found that the prob-
ability of endorsing a current memory probe as “old” was positively related
to the strength of global similarity to past events relative to future events.
Notably, this relationship was present in regions of lateral parietal cortex
that have consistently been implicated in episodic memory'*"*. Importantly,
however, the influence of global similarity on memory decisions depended
on the mnemonic history of the probe: global similarity had the strongest
influence when the probe was either novel or had initially been encoded at
least a day in the past. Finally, using convolutional neural networks, we show
that the brain regions in which global similarity predicted memory decisions
are regions that robustly coded for the content within scene images—par-
ticularly high-level visual information.

Isolating global similarity in time

A unique and critical feature of our analysis approach is that we separately
computed global similarity using experiences from the past and experiences
in the future. Our motivation for this approach is that global similarity to
future events serves as a baseline that captures time-invariant similarity
between a probe and other (normative or typical) experience. Thus, by
subtracting future similarity from past similarity, we controlled for generic
properties of probes (like typicality) that could lead to higher global simi-
larity values and a higher likelihood of “old” decisions. This simple step
powerfully isolates the influence that past experience exerts on current
memory decisions. However, our approach begs the question: is this form of
baseline correction something the brain actually computes? Our position is
that it is sub-optimal for memory decisions to rely on undifferentiated global
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similarity (this would lead to excessive false recognition). Thus, there is
adaptive value in differentiating similarity that arises from recent experience
from similarity based on a lifetime of experience. While it is obviously not
possible that the brain computes similarity to future events (the specific
analysis we employed), the brain could baseline recent experience against
any sample of time (e.g, the very distant past) that captures “typical
experience”. Thus, other variants of our analysis that used the distant past
instead of the future would be conceptually equivalent. Here, however, we
used future events as a baseline because it captured normative experience
that is “completely free” from episodic memory.

In addition to comparing similarity to past vs. future events, we also
sampled from different temporal windows in the past. This sampling of
temporal windows was a unique feature of our analysis approach that was
only enabled by the use of a recognition memory task that spanned many
fMRI sessions. By comparing global similarity across different temporal
windows, we were able to test a straightforward, but important prediction:
that events from the distant past exert relatively less influence on current
memory decisions than events from the recent past. To the extent that older
memories are weaker™, this represents another way to confirm that any
observed relationship between global similarity and memory decisions is
based on the influence of actual memories, as opposed to more generic
properties of a probe. Notably, global matching models were originally
developed and applied to explain memory decisions in paradigms where a
single list of studied materials (e.g., words) was followed by a single test list
(probes)™”. In these paradigms, global matching models ignored the recency
of past experience—instead, all items from the study list were given equal
weight on memory decisions in the test list. In more recent work, forgetting
or decay has been included as a parameter in global matching models™ in
order to “de-weight” older memories. That said, prior work has not expli-
citly considered or quantified the influence of past events on current deci-
sions as a function of their temporal recency.

Interestingly, we did not find evidence that past experience influenced
current memory decisions in the immediate temporal window (<1 min in
the past). Notably, the relatively stronger influence of events from the recent
temporal window compared to the immediate temporal window cannot be
explained by differences in the number of trials included in the global
similarity measures (Supplementary Fig. 2). Yet, caution is still warranted
when interpreting the immediate temporal window because it involved
correlating trials from the same scan run as the probe, raising potential
concern about non-independence (autocorrelation) between the probe trial
and immediately preceding trials. That said, the backward—forward global
similarity measure should control for effects of autocorrelation. While
speculative, a potential cognitive account of the null effect for the immediate
temporal window is that events from the immediate past are retained at a
higher fidelity in memory, and, therefore, it is easier to differentiate these
events from a current memory probe. Ultimately, while the null effect for the
immediate past condition represents a potentially interesting observation,
this was not an a priori prediction and it is not relevant to our core
conclusions.

Brain regions in which global similarity predicted memory
decisions

Our a priori interest in lateral parietal cortex (LPC) was motivated by sub-
stantial evidence implicating LPC in recognition memory decisions'**™.
However, understanding the role of LPC in memory has been a subject of
much debate. One key line of evidence that has helped constrain theories of
LPC contributions to memory is that LPC actively represents the contents of
memories'”*"*’. Here, building on this prior evidence, we explicitly link LPC
content representations—from specific temporal windows in the past—to
trial-by-trial recognition memory decisions'’""”. The fact that memory
decisions were predicted by LPC content representations across a timescale
of minutes is reminiscent of evidence—outside the domain of memory—
which has described LPC as having a wide “temporal receptive window.”
Specifically, LPC has been shown to integrate information across relatively
long timescales—on the order of minutes. Thus, an account of the current

findings that bridges across these literatures is that LPC is able to integrate
content across relatively long timescales and these integrated content
representations could potentially support everything from following a
story"** to recognition memory decisions.

The idea of temporal integration suggests that the brain computes a
running average of experience that is automatically compared to the probe
—or even serves as a prediction of upcoming experience. By this account,
global similarity may simply mirror this running average. However, an
alternative possibility is that global similarity reflects a memory search
process, initiated by the probe, that involves reactivation of memories from
the past. These ideas, which have a precedent in the decision-making
literature®, could be tested by determining whether the relationship between
global similarity and memory decisions is influenced by top-down (memory
search) goals. For example, if the relationship between global similarity and
memory decisions is influenced by instructions to search within specific
temporal windows (e.g., “Did you see this stimulus yesterday?” vs. “Did you
see this stimulus foday?”). This would favor a search/reactivation account. In
contrast, if the relationship between global similarity and memory decisions
is not influenced by such goals, this would favor a running average account.

Importantly, we found that the brain regions that demonstrated rela-
tionships between global similarity and memory decisions (LPC and ventral
temporal cortex) robustly reflected information captured by a deep con-
volutional neural network (VGG-16). This clearly establishes that these
regions coded for the content within the scene images. In particular, these
regions preferentially reflected information at late VGG-16 layers. By design
—and as argued in prior studies—these late layers are thought to represent
high-level or semantic information™", as opposed to early layers which
capture lower-level visual properties. Indeed, the pattern of data in LPC and
ventral temporal cortex contrasted sharply with early visual cortex, where
information from early layers of VGG-16 was preferentially represented.

Considering all of the analyses we performed, we observed relatively
consistent results across the lateral parietal and ventral temporal ROIs.
However, there were some subtle differences across these ROIs. Most
notably, we observed a dissociation between ventral lateral parietal cortex
(AnG, LatIPS) and dorsal lateral parietal cortex (pIPS) when considering
whether “true memories” (E1) influenced the relationship between global
similarity and memory decisions (at E2). For pIPS, global similarity had a
significant—and statistically comparable—influence on memory decisions
regardless of the relative recency of the E1 trial (Old-within vs. Old-across).
In contrast, for AnG and LatIPS, the influence of global similarity on
memory decisions was significantly weaker—and fully suppressed—when
E1 trials appeared in the same session (Old-within) compared to when they
appeared in a prior session (Old-across). Importantly, while AnG and
LatIPS did not show global similarity effects for these Old-within trials, they
did show robust effects of same-stimulus similarity. Indeed, for LatIPS (as
well as pIPS and VOTC), the effect of same-stimulus similarity was sig-
nificantly stronger for Old-within than Old-across trials. Taken together,
these findings indicate that global similarity in dorsal lateral parietal cortex
had a surprisingly consistent influence on memory decisions irrespective of
“true memory” signals, whereas in ventral lateral parietal cortex, a strong,
“true memory” signal effectively overrode any influence from global simi-
larity. This dorsal/ventral dissociation is notable given the extensive litera-
ture implicating dorsal lateral parietal cortex in “familiarity” based
remembering and ventral lateral parietal cortex in “recollection.” While our
findings do not indicate a strict segregation (e.g., that global similarity sig-
nals are restricted to dorsal regions and that same-stimulus similarity is
restricted to ventral regions), they do align with the idea that ventral lateral
parietal cortex is relatively more involved in recollection (which is putatively
most likely to occur for the Old-within trials).

Interestingly, we did not observe any relationship between global
similarity in the hippocampus and recognition memory decisions. How-
ever, our analysis approach focused on global similarity averaged across
many stimuli and it is possible that this computation does not involve the
hippocampus. Indeed, prior evidence specifically highlights a dissociation
between global similarity measures in neocortical areas versus more
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stimulus-specific representations in the hippocampus*’. Interestingly, some
variants of global matching models have applied nonlinear transformations
(e.g., cubic or exponential) to global similarity values in order to more
strongly weight the influence of highly similar matches*’. While beyond the
scope of the current manuscript, it is possible that with parameters that more
strongly weight specific events with very high similarity, global matching
models may better “fit” the computations that the hippocampus supports.

Finally, while the current study benefitted from a massive number of
trials per subject per trial, one limitation of the current study is the limited
number of total subjects. Replicating the current findings in a larger sample
would be valuable and would also allow for consideration of potential
individual differences. For example, individuals may differ in the temporal
windows over which global similarity drives memory decisions.

Conclusions

Using an innovative analysis approach and a highly unique dataset, we show
that trial-by-trial memory decisions are predicted by temporally asymmetric
neural measures of global similarity. These measures of global similarity
were robustly expressed in regions of lateral parietal cortex and ventral
temporal cortex that tracked high-level visual information. Together, these
results provide a new framework for measuring and conceptualizing the
neural computations that support recognition memory.

Methods

All analyses described here were based on a previously-published and
extensively characterized dataset: the Natural Scenes Dataset (NSD)".
Relevant details, including unique statistical analyses, are described below.

Subjects

Eight subjects (six female, mean age =26.5 years, range =19-32 years)
participated in the experiment. All subjects had normal or corrected-to-
normal vision. Written consent was obtained from all subjects. The study
was approved by the University of Minnesota Institutional Review Board.
All ethical regulations relevant to human research participants were
followed.

Stimuli and experimental procedure

All stimuli used in the experiment were selected from Microsoft's COCO
image database®. A set of 73,000 colored images were selected from 80
categories, out of the 90 original COCO categories. Images were cropped
into square (425 x 425 pixels). A screening procedure was implemented to
remove duplicate, extremely similar, or potentially offensive images. In the
experiment, subjects performed a long-term continuous recognition task. It
was intended that each subject would view 10,000 unique images, each
repeated 3 times, distributed over 40 fMRI sessions. Out of the 10,000
images, 1000 of them were shared across all subjects and the remaining 9000
were unique to each subject. During each trial, an image was presented on
screen for 3 s, followed by a 1's blank screen. Subjects were instructed to
press one of two buttons to indicate whether the image had been presented
at any prior point in the experiment (including in prior sessions; “old”) or
was novel (“new”). Thus, for every trial in the experiment, the current
stimulus served as a ‘probe’ that was to-be-compared against all previously-
studied stimuli. Subjects were additionally instructed to fixate a central dot
throughout the entire task.

Within each fMRI session, there were 12 runs of the continuous
recognition task that displayed a total of 750 natural scene images. Each run
lasted 300 s and contained 75 trials. The first 3 and the last 4 trials were blank
trials. For odd-numbered runs, the remaining 68 trials consisted of 63 sti-
mulus trials and 5 randomly-distributed blank trials. For even-numbered
runs, the remaining 68 trials consisted of 62 stimulus trials, 5 randomly-
distributed blank trials, and one “fixed” blank trial (trial #63). While each
subject studied a (mostly) unique set of images, the distribution of image
exposures (E1, E2, E3) across the 40 sessions had an identical structure for
each subject in order to minimize differences in recognition memory per-
formance. E1, E2, and E3 trials were distributed across all 40 sessions but the

proportion of these trials changed across sessions: from El=77.7%,
E2=18.1%, and E3=4.2% in session 1 to E1=4.0%, E2 =19.7%, and
E3 =76.3% in session 40. Within each session, for each E1 trial, there was a
43.8% ( + 18.4%) chance on average that the image would repeat within the
session (E2); otherwise, corresponding E2 trials were uniformly distributed
across the remaining sessions. Note: not all subjects finished all 40 fMRI
sessions (range was 30-40 sessions). To minimize across-subject differences,
here we only analyzed data from the first 30 sessions for each subject.

MRI acquisition

MRI data were collected at the Center for Magnetic Resonance Research at
the University of Minnesota. Functional data and fieldmaps were collected
using a 7T Siemens Magnetom passively shielded scanner with a 32 channel
head coil. A gradient-echo EPIsequence at 1.8 mm isotropic resolution with
whole brain coverage was used to acquire functional data (84 axial slices,
slice thickness = 1.8 mm, slice gap = 0 mm, field-of-view = 216 x 216 mm,
phase-encode direction A-P, matrix size = 120 x 120, TR = 1600 ms, TE =
22.0 ms, flip angle = 62°, echo spacing = 0.66 ms, partial Fourier = 7/8, in-
plane acceleration factor (iPAT) =2, multiband acceleration factor = 3).
Several dual-echo EPI fieldmaps were acquired periodically over each scan
session (2.2 X 2.2 mm x 3.6 mm resolution, TR =510 ms, TE1 =8.16 ms,
TE2 =9.18 ms, flip angle = 40°, partial Fourier = 6/8). Anatomical images
were collected using a 3T Siemens Prisma scanner with a standard 32
channel head coil. Several (6-10) whole brain T;-weighted scans were
acquired for each subject across the experiment using an MPRAGE
sequence (0.8 mm isotropic resolution, TR =2400 ms, TE=2.22 ms, TI=
1000 ms, flip angle = 8°, in-plane acceleration factor (iPAT = 2). In addi-
tion, several T,-weighted scans were obtained using a SPACE sequence
(0.8 mm isotropic resolution, TR = 3200 ms, TE = 563 ms, in-plane accel-
eration factor (iPAT)=2 to facilitate medial temporal lobe subregion
identification.

MRI data processing

All the pre-processed data were taken directly from the Natural Scenes
Dataset; pre-processing steps are described in detail in the data paper'. In
brief, T;-weighted and T,-weighted images were corrected for gradient
nonlinearities using the Siemens gradient coefficient file from the scanner.
All T; and T, images for a given subject were co-registered to the 1st T
volume. The final version of T and T, images were resampled from the co-
registered data using cubic interpolation to 0.5 mm isotropic resolution.
Finally, the multiple images within each modality were averaged to improve
signal to noise ratio. The averaged T image was processed by FreeSurfer
6.0.0 with -hires option enabled. Manual edits were performed to improve
the accuracy of surface reconstruction. Utilizing surfaces generated by
FreeSurfer, several additional cortical surfaces between the pial and white
matter were generated at 25, 50, and 75% cortical depth. These surfaces were
used to map the volume data to surface space. For fMRI data, all pre-
processing was performed in the subjects’ native space. Images were first
corrected for slice-timing and upsampled to 1s. Then gradient non-
linearities, spatial distortion, and motion correction were performed. fMRI
images from later NSD sessions were co-registered to the mean fMRI
volume of the first NSD session. All the spatial transformations were con-
catenated to allow a single-step cubic interpolation. In this step, data was
upsampled to 1 mm isotropic resolution.

To model the neural responses of each trial, a GLM was fitted for each
NSD session using the package GLMsingle*’. Optimal HRFs were chosen for
each voxel from a library of HRFs to better compensate for differences in
hemodynamic responses. Each trial was modeled separately in the model
using the optimal HRF. The detailed procedure of this method is described
in Allen etal.”. and the results denoted as “b2” version in the paper. Models
were fitted on the pre-processed fMRI data in 1 mm functional space. The
estimated single-trial betas were further resampled to each of the three
cortical surface depths and averaged together using cubic interpolation. The
result was then transformed to fsaverage space using nearest neighbor
interpolation. This version of betas was used in analyses of cortical regions.
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Regions of interest

ROIs were defined in fsaverage space (cortical regions) and the subjects’
native 1 mm functional space (hippocampus). For all cortical ROIs, we
used the multi-modal parcellation (MMP1)". Based on previous related
studies'’™"?, we focused our main analyses on lateral parietal cortex and
subdivided it into the angular gyrus (AnG), lateral intraparietal sulcus
(LatIPS) and posterior intraparietal sulcus (pIPS) regions. We combined
MMP1 label PGs and PGi regions to create AnG. For LatIPS and pIPS, we
combined regions to match the definition used in Favila etal.” as closely as
possible. Namely, the LatIPS consisted of MMP1 label IP1, IP2, and LIPd.
The pIPS consisted of MMP1 labels IP0, IPS1, MIP, VIP, and LIPv. In
addition, we also included ventral occipitotemporal cortex (VOTC) and
hippocampus (HPC), given the involvement of these two regions in the
memory process. The VOTC consisted of MMP1 labels FFC, VVC, PHA1,
PHA2, PHA3, PIT, V8, VMV1, VMV2 and VMV3. The HPC used a
manually traced segmentation in the subject’s native space that combined
subregions CA1, CA2, CA3, dentate gyrus, and hippocampus tail. The
early visual cortex (EVC, MMP1 label: V1) and premotor cortex (M1,
MMP1 label: Area4) were also included as control ROIs. All ROIs were
combined across the left and right hemispheres.

Neural measures of global similarity

To compute neural measures of global similarity, we compared the fMRI
pattern evoked by a ‘current stimulus’ (probe) to activity patterns evoked by
past and future trials. However, because of the continuous recognition
design, a given trial potentially served in all three roles (probe, past, future) as
the analyses were iteratively performed (trial-by-trial). Thus, probes were
not separate trials, but instead a designation of the trial’s role in a particular
iteration of an analysis.

For each probe, we constructed three temporal windows representing
past experience: Immediate, Recent, and Distant. The immediate temporal
window included the past 15 trials within the same scan run (mean temporal
distance to current trial =35.0's, range: 4.0-68.0s), the recent temporal
window included trials from the past 3 scan runs (mean = 3.9 min, range:
2.8-37.1 min), and the distant temporal window included trials from the
prior fMRI session (mean=7.3 days, range: 1.0-28.0 days). Mirror-
reversed, but otherwise identical temporal windows were also constructed
for future experience.

Importantly, a given trial was only included as a probe if it allowed for
all of the temporal windows to be constructed. Thus, probes never
“occurred” in the first or last session (session 1 or session 30), in the first or
last three runs within a session, or in the first 15 or last 15 trials in a run. For
example, trial #14 in a given scan run was never included as a probe in any
analysis because the immediate temporal window could not be constructed
(there were not 15 preceding trials). Thus, even though each temporal
window imposed different constraints, we only included a trial as a probe if it
met the constraints for each of the temporal windows. However, even if a
trial was excluded as a probe, it could serve within a temporal window. For
example, trial #14 would be part of the recent past temporal window for trial
#16, assuming it did not occur in the first or last session or the first or last
three runs within a session. Trials were also excluded as probes if no
behavioral response was made on that trial.

For each probe, we computed the Pearson correlation between the
activity pattern evoked on that trial and each trial within each temporal
window from the past and future. These correlation values were then
Fisher’s Z-transformed and averaged within each temporal window, sepa-
rately for past and future. Finally, for each probe and each temporal window,
we subtracted the “forward” similarity (similarity to future events) from the
“backward” similarity (similarity to past events). This yielded, for each trial
and each temporal window (immediate, recent, distant), a difference score
which served as the measure of global similarity. Thus, values of 0 repre-
sented no difference in mean similarity between past and future, values
greater than 0 represented relatively higher similarity to the past, and values
below 0 represented relatively higher similarity to the future. This entire
process was separately performed for each ROIL Note: unless noted

otherwise, a probe’s temporal window could potentially contain a repetition
of the same stimulus as the probe. For example, if a probe was an E2 trial, the
corresponding E1 trial might fall within one of the three temporal windows
in the past. For the control analysis using maximal similarity, the criteria for
selecting the probes were identical. However, instead of averaging similarity
values across all trials in a temporal window, we identified the single trial,
within each temporal window, with the highest similarity value. We then
subtracted the highest value from each future temporal window from the
highest value from the corresponding past temporal window. For analyses
based on the mnemonic history of probes (i.e., Novel vs. Old trials, Old-
within vs. Old-across trials), we excluded the probe’s other exposures from
the global similarity calculation. Specifically, for a given E1 trial, if the
corresponding E2 and/or E3 trial fell within the forward temporal window,
the E2/E3 trial was omitted from the forward global similarity measure.
Similarly, for a given E2 trial, if corresponding E1 or E3 trials fell within the
backward or forward temporal windows, respectively, they were omitted
from the corresponding global similarity measures. For analyses based on
same-stimulus similarity, although temporal windows were not relevant, for
consistency we retained the same criteria for selecting probes as in the global
similarity and maximal similarity analyses, with the exception that only E2
trials (the 2nd presentation of a stimulus) served as probes. Same-stimulus
similarity was calculated as Fisher’s Z-transformed Pearson correlation
between the fMRI activation pattern evoked by the probe (E2) and the
corresponding E1 trial. In this analysis, we did not subtract ‘forward’ pattern
similarity (E2-E3 similarity) from “backward” pattern similarity (E1-
E2 similarity) because the distance between E1 and E2 was not matched with
the distance between E2 and E3; moreover, this was not relevant, con-
ceptually, for this analysis.

Representational similarity matrices from fMRI and neural
networks

Separate representational dissimilarity matrices (RDMs) were con-
structed based on fMRI data and a deep convolutional neural network.
These RDMs were restricted to images that were shared across all eight
subjects and, to match the main analyses, only to images that were
presented during the first 30 NSD sessions. This resulted in a total of 907
images that were used for the RDMs. For the fMRI-based RDMs, activity
patterns for each trial within an ROI were extracted, then averaged
across exposures for each image, resulting in a single, averaged pattern
per image and ROIL Then, pairwise Pearson correlations (Fisher’s Z
transformed) were calculated for each pair of images, yielding an RDM
for each ROL For the neural network RDM, we utilized a pre-trained
version of VGG-16" included with the torchvision package (https://
github.com/pytorch/vision). For each image, the same preprocessing
steps (resizing, intensity normalization) were applied as used for the
images in VGG16 training. The preprocessed images were passed to the
model and, for each image, the unit activation at each processing layer
served as the image “representation”. Specifically, eight layers of acti-
vation were used in the RDM similarity analyses, which corresponded to
5 pooling layers (2nd, 4th, 7th, 10th, 13th) and three fully connected
layers. These layers were labeled as layers 1-8 as they progressed in the
processing hierarchy of VGG-16. Similar to the fMRI-based RDM,
pairwise Pearson correlations (Fisher’s Z transformed) were calculated
for each pair of images to form RDMs for each layer. Spearman corre-
lations were calculated between fMRI and VGG-16-based RDMs to
quantify the similarity between the fMRI and neural network
representations.

Statistics and reproducibility

Logistic mixed effects models. Logistic mixed effects models were used
to model the relationship between global similarity and subjects’ memory
responses (old vs. new). The main model included global similarity from
3 temporal windows (Immediate, Recent, Distant; each window repre-
senting backward—forward similarity); an image’s exposure/repetition
number (1st, 2nd, 3rd); and the interaction between these variables as
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fixed effects. In addition, to account for subjects’ potential response biases
and session effects, the proportion of a subject’s old responses within each
temporal window and the NSD session number were added in the model
as fixed effect confound regressors. Subject ID was included as a random
effect with random intercept only. The model formula was:
Memory Response ~ GlobalSimilarity_Immediate * Exposure +
GlobalSimilarity_Recent % Exposure + GlobalSimilarity_Distant
Exposure + pOldResponse_Immediate + pOIldResponse_Recent +
pOldResponse_Distant + SessionID + (1|SubjectID).

For the models examining maximal similarity, the formula was the
same as the main model, except global similarity was replaced with the
maximal pattern similarity (backward-forward) within each temporal
window.

To examine the effect of global similarity on memory decisions for Novel
vs. Old probes, we constructed a new set of models that focused only on the
recent temporal window and only included probes corresponding to E1 (1st
exposure; Novel) or E2 (2nd exposure; Old). All E3 trials were excluded so that
the number of Novel and Old trials was relatively balanced. Importantly,
because the global similarity computation did not include any other exposures
of the probe that fell into the temporal window, we ensured that global
similarity only reflected the similarity of the current stimulus to other stimuli.
The model formula was: Memory Response ~ GlobalSimilarity_Recent
Exposure + pOldResponse_Recent + SessionID + (1|SubjectID).

To test whether the temporal lag between E1 and E2 influenced the
relationship between global similarity and memory decisions, we con-
structed a separate set of models that only included probes corresponding to
E2 trials, but with these trials split into two conditions based on when the
prior exposure (E1) occurred. “Old-within” corresponded to trials for which
El occurred within the same experimental session as E2. “Old-across”
corresponded to trials for which E1 occurred in a prior experimental session.
The model formula was: MemoryResponse ~ GlobalSimilarity_Recent
Condition+ pOldResponse_Recent + SessionID + (1|SubjectID).

Finally, for the models that tested for relationships between same-
stimulus similarity and memory decisions, the models were identical to the
preceding set of models except that global similarity was replaced with
same-stimulus similarity.

All models were fit using the package Ime4 (https://cran.r-project.org/
web/packages/Ime4/index.html) in R. Likelihood ratio tests were used to
determine the significance of the omnibus global similarity effects. For post-
hoc tests of fixed effects and interactions, Wald test with asymptotic dis-
tribution was used with package emmeans (https://cran.r-project.org/web/
packages/emmeans/index.html) in R.

RDM similarity. Spearman’s rank correlation was used to quantify the
similarity between the fMRI and neural network (VGG-16) RDMs. The
correlation coefficients were calculated within each subject. One-sided
Wilcoxon signed-rank tests were used to determine the significance at the
group level’. For comparison of different VGG-16 layers, two-sided
Wilcoxon signed-rank tests were used.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The paper analyzed existing, publicly available data. The NSD dataset is
freely available at http://naturalscenesdataset.org.

Code availability
The custom code to support the findings of this study is available upon
request.
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