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RAPID COMMUNICATION

The Role of the Hippocampus in Generalizing
Configural Relationships

Sam C. Berens* and Chris M. Bird*

ABSTRACT: The hippocampus has been implicated in integrating infor-
mation across separate events in support of mnemonic generalizations.
These generalizations may be underpinned by processes at both encoding
(linking similar information across events) and retrieval (“on-the-fly” gen-
eralization). However, the relative contribution of the hippocampus to
encoding- and retrieval-based generalizations is poorly understood. Using
fMRI in humans, we investigated the hippocampal role in gradually learn-
ing a set of spatial discriminations and subsequently generalizing them in
an acquired equivalence task. We found a highly significant correlation
between individuals’ performance on a generalization test and hippocam-
pal activity during the test, providing evidence that hippocampal processes
support on-the-fly generalizations at retrieval. Within the same hippocam-
pal region there was also a correlation between activity during the final
stage of learning (when all associations had been learnt but no generaliza-
tion was required) and subsequent generalization performance. We suggest
that the hippocampus spontaneously retrieves prior events that share over-
lapping features with the current event. This process may also support the
creation of generalized representations during encoding. These findings are
supportive of the view that the hippocampus contributes to both encoding-
and retrieval-based generalization via the same basic mechanism; retrieval of
similar events sharing common features. VC 2016 The Authors Hippocampus
Published by Wiley Periodicals, Inc.
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Learning relationships between features within the environment is
central to complex behaviors such as navigation (Cohen and Eichen-
baum, 1993). However, it is often not sufficient to rely on information
that was learnt within a single episode. Frequently, memories acquired
across multiple episodes must be integrated to allow the expression of
novel behaviors (Bunsey and Eichenbaum, 1996). Such “memory

generalizations” are also fundamental to the formation
of the context-free memory structures that characterize
semantic knowledge (Eichenbaum, 2004).

The hippocampus has long been implicated in support-
ing memory generalization (Bunsey and Eichenbaum,
1996). Broadly speaking, there are two classes of model
that attempt to describe the role of the hippocampus in
generalization. Encoding-based models propose that when
related events are encoded, their representations overlap
with each other and therefore contain information that is
common to all of the events (Shohamy and Wagner,
2008). This results in unitary (or generalized) memory
traces where the retrieval of any one detail automatically
cues the retrieval of related features. In contrast, retrieval-
based models pose that study events are strictly “pattern
separated” at encoding. Nonetheless, these models suggest
that the hippocampus can engage “on-the-fly” generaliza-
tion where representational overlaps are inferred during
retrieval (e.g., Kumaran and McClelland, 2012).

Previous investigations have provided evidence for
both encoding- and retrieval-based accounts of hippo-
campal generalization (e.g., Shohamy and Wagner,
2008; Preston et al., 2004). Indeed, it has been sug-
gested that these models are not mutually exclusive.
In particular, the hippocampus may initially form pat-
tern separated representations which gradually become
integrated over a period of memory consolidation
(Zeithamova et al., 2012b). Consolidation is associat-
ed with memory traces becoming more dependent on
neocortical regions that underlie semantic memory
(McClelland et al., 1995). This raises the possibility
that generalization may sometimes depend on func-
tions of the neocortex rather than the hippocampus.

To date, two studies have examined how the hippo-
campus and neocortex contribute to generalization over
the course of both an initial learning phase and a gener-
alization test (Zeithamova and Preston, 2010; Zeitha-
mova, et al., 2012a). Both have provided good evidence
for a mixed encoding/retrieval account. These studies
used “relational inference” paradigms where hierarchi-
cal or pairwise relationships between stimuli must be
inferred from training on a set of “premise pairs.” This
contrasts with simpler forms of generalization where
novel discriminations are made on the basis that stimuli
belong to particular “equivalence classes.” For example,
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if particular configurations of stimuli are always rewarded, then
they belong to the same superordinate class of rewarded items. It
remains unclear whether or not generalizations reliant on equiva-
lence class membership depend on hippocampal and/or neocorti-
cal involvement at either study or test. We used fMRI to examine
the brain mechanisms involved in gradually learning and subse-
quently generalizing a set of visual discriminations. In particular,
we explored whether hippocampal and/or neocortical activity at
encoding, retrieval, or both, was associated with generalizations
between equivalence classes.

Twenty-three right-handed students were recruited by way of
online advertisement. All gave written informed consent to take
part and were compensated for their time. Subjects had either
normal or corrected-to-normal vision and reported no history of
neurological or psychiatric illness. Of those who participated, eight
did not exhibit sufficient levels of learning on the task to be includ-
ed in the analyses (see below). As such, analyses reported here used
data from 15 subjects (7 male) with a mean age of 23.8 years
(SD 5 4.14). The study was approved by the Brighton and Sussex
Medical school’s Research Governance and Ethics Committee.

During scanning participants learned a set of visual discrimi-
nations via trial-and-error (learning phase), and were subse-
quently tested on their ability to generalize what they had
learned (generalization phase). Both learning and generalization
occurred within a single scanning session and took place in the
context of a first-person virtual reality environment (see Fig.
1). On each trial, a scene was presented depicting two build-
ings positioned equidistantly from a start location. One build-
ing concealed a pile of gold (the “reward”). The location of
this gold was determined by the configuration of wall textures
rendered onto the towers of each building. Participants were
required to select the rewarded building (within 3 s). Following
a response, video feedback was presented (7 s) before an inter-
trial interval (1 s). The stimuli for the task were generated in
Unreal Development Kit (Epic Games, 2012) and presented
via the Cogent 2000 toolbox in MATLAB (Mathworks).

Three discriminations were learnt (see Fig. 1). In each discrim-
ination there were two buildings and each building comprised
two textures (in other words, each building was a “compound”
stimulus). Participants were required to learn not only which
combination of textures was rewarded but also which spatial
arrangement of textures was rewarded. For example, when tex-
ture A appeared with texture B, the building with A to the left of
B was rewarded (A|B). However, when texture A appeared with
texture C, the building with C to the left of A was rewarded
(C|A). This form of “structural” configural learning, which
includes a spatial or temporal component, is thought to depend
on hippocampal learning mechanisms (Sanderson et al., 2006;
Aggleton et al., 2007). There were 48 trials per discrimination
which were presented in a pseudorandom order.

The initial learning phase also included a set of non-memory
discriminations (location of gold visible at trial onset) and a fur-
ther set of three discriminations that constituted a transverse pat-
terning contingency (see Moses et al., 2009). However, these
trials were not subject to a generalization test after leaning and
are therefore not discussed in the current study.

The generalization phase involved 12 test trials. Here each
rewarded wall texture configuration was presented alongside an
unrewarded configuration that had only ever been trained in
the context of a different discrimination (e.g., A|B1 vs. A|C2,
see Fig. 1). As such, these trials involved making novel discrim-
inations between stimuli on the basis of an equivalence class
membership (rewarded vs. unrewarded). Encoding-based mod-
els of generalization predict that during the initial training
phase, participants not only learn specific relationships between
texture combinations (AjB1 vs. BjA2), but also the superordi-
nate equivalence classes (AjB1, BjC1, and CjA1 all belong to
a rewarded class whereas BjA2, CjB2, and AjC2 all belong-
ing to an unrewarded class). Given this, we would expect brain
activity during the initial training phase to be correlated with
subsequent generalization performance. In contrast, retrieval-
based models predict that generalization depends on recalling
trained associations when stimuli are presented in a novel com-
bination. Under this view, we would expect brain activity

FIGURE 1. Upper: Details of the trained and generalized dis-
criminations. Each capitalised letter refers to a unique wall texture
as indicated by the three wall texture samples (left). The two
tables list how wall textures were combined and which arrange-
ments were rewarded. Each row within a table corresponds to a
unique discrimination and vertical bars (i.e. j) indicate spatial
arrangements within each building (‘XjY’ indicates ‘X’ to the left
of ‘Y’). The ‘1’ column denotes wall texture combinations that
were rewarded while the ‘2’ column denotes wall texture combi-
nations that were unrewarded. Note: The reward was equally likely
to be in the left or right building. Lower: Example of a trained
discrimination within the virtual-reality reality environment. [Col-
or figure can be viewed at wileyonlinelibrary.com]
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during the generalization test itself to correlate with generaliza-
tion performance. Relatively few generalization trials were run
to ensure that participants did not develop a well-practiced
response to each trial type.

Behavioral outputs from the task were binary sequences indi-
cating correct versus incorrect responses on each trial. Trials
were also coded as incorrect when no response was made with-
in 3 s. For each discrimination of the initial learning phase,
these binary sequences were then converted into learning curves
using a state-space smoothing model developed by Smith et al.
(2004). This model indicates a “learning trial” defined as the
first trial at which there is a significant level of certainty
(P< 0.05) that a subject is performing above chance and the
discrimination has been learnt. All participants included in the
sample reached the learning trial for each discrimination at
least five trials before the end of training (mean learning
trial 5 22.56, S.D. 5 8.37).

We wished to group each trial of the experiment into one of
four stages based on how many of the three discriminations
had been learnt; from “stage 0” (prior to the learning trial of
any discrimination), to “stage 3” (after all three discriminations
had been learnt). Across participants, the mean (and S.D.)
number of trials within each stage were as follows; Stage
0 5 43.33 (23.39), Stage 1 5 23.13 (22.75), Stage 2 5 21.53
(20.50), Stage 3 5 56 (33.79). Importantly, response times did
not significantly differ between learning stage; F(3,42) 5 1.125,
P 5.350. As such, it is unlikely that any BOLD effects coinci-
dent with learning stage are a result of differential reaction
times. Performance on the 12 generalization trials was taken as
the proportion of correct responses. Although each subject
included in the analysis showed a high degree of learning on
each of the directly trained discriminations, generalization per-
formance was highly variable across subjects; mean proportion
correct: 0.73, range 0.33–0.92.

Encoding-based models of generalization propose that new
representations overlap with existing ones, such that the com-
monalities across different discrimination pairs are also repre-
sented. We therefore looked for brain regions where encoding-
related BOLD activity increased linearly with the number of
discriminations that had been learnt. This pattern of results
would be consistent with the notion that the representation of
one discrimination automatically triggers the retrieval of over-
lapping discriminations that have been learnt by that stage. As
an additional and stronger test of encoding-based models, we
carried out a between-subjects’ analysis to test whether BOLD
activity during the final stage of learning (stage 3) correlated
with subsequent generalization performance.

The imaging analyses were performed in SPM8 (http://www.
fil.ion.ucl.ac.uk/spm, see Supporting Information for details
about the imaging protocols and pre-processing). Following
image pre-processing, first-level models of the fMRI data were
produced that specified five regressors of interest; four of these
modeled the trial onsets within each learning stage (i.e., stages
0–3) and an additional regressor modeled the trial onset of
each generalization test trial. Nuisance regressors included
motion parameters and a vector coding for drift in the MR

signal. HRF amplitude estimates relating to each event of inter-
est were then subject to group-level analyses.

At the group level, we specified a mixed-effects regression
model that tested for linear increases in activity across the four
learning stages (random intercepts for each subject were also
modeled). This revealed four clusters showing the predicted
linear increases, each significant after controlling for the family-
wise error rate at the cluster-level (whole-brain, map-wide
height threshold was P< 0.001); see Table 1 (upper) and
Figure 2. An unthresholded statistical image for this contrast
can be viewed and downloaded at http://neurovault.org/collec-
tions/2058/. The analysis did not reveal any significant linear
increases or decreases in hippocampal BOLD activity when
either performing a small volume correction within an bilateral
hippocampal ROI (Tzourio-Mazoyer et al., 2002) or, averaging
across all hippocampal voxels, t(14) 5 21.285, P 5 0.220.

For the clusters exhibiting activation increases as a function
of learning stage, we, we next examined whether BOLD acti-
vity during stage 3 (i.e., the final stage of learning) was corre-
lated with subsequent generalization performance (across
participants). A significant positive association was detected
in the inferior temporal gyrus but not in any other cluster,
r(13) 5 0.666, P 5 0.028 (Bonferroni adjusted for four com-
parisons). This suggests that the region may be involved in rep-
resenting overlapping associative information in a manner that
supports mnemonic generalizations as specified by encoding-
based models.

Retrieval-based models of generalization propose that gener-
alizations are carried out “on-the-fly” (i.e., during novel tests)
when problems cannot be solved by reproducing exactly what
has been learnt. We therefore carried out a between-subjects’
analysis to identify the brain regions that were activated most
by individuals who performed best on the generalization test.
To examine this, the HRF amplitude estimates relating to gen-
eralization test trials were correlated with generalization perfor-
mance at the second-level. This revealed one cluster in the
right posterior hippocampus showing a positive association (see
Fig. 3). This effect was significant after controlling for the
family-wise error rate at the peak level within a bilateral hippo-
campal ROI (Tzourio-Mazoyer et al., 2002); r(13) 5 0.861,
P 5 0.011, peak MNI coordinate 5 [24,230, 206]). The
unthresholded statistical image for this contrast can be viewed
and downloaded at http://neurovault.org/collections/2058/. A

TABLE 1.

Clusters Showing Linear Changes in BOLD Activity Across the Four

Learning Stages

Region

Peak MNI

[x, y, z] Peak t

Cluster

size

L Inferior temporal gyrus [248, 209, 233] 6.77 132

Ventromedial prefrontal (L & R) [215, 127, 209] 6.57 162

L insula and white matter [227, 257, 109] 5.87 187

L angular gyrus [242, 272, 145] 5.78 109
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Kolmogorov–Smirnov test verified that the assumption of nor-
mally distributed errors had been met, D(15) 5 0.143,
P> 0.200. However, it is noteworthy that the performance of
one subject was numerically below chance (i.e., <0.5) and that
this subject yielded a relatively large regression-residual. As
such, we examined whether the hippocampal effect was robust
to the removal of this data point. Even after excluding the out-
lier, the correlation remained significant; r(13) 5 0.761,
P< 0.001. No other significant effects were detected.

We next explored whether the hippocampal region identi-
fied above showed a BOLD correlation with generalization per-
formance during the final stage of learning (stage 3). A
significant positive association was indeed found (r 5 0.599,
P 5 0.018) suggesting that the region may also play a role in
encoding-based generalization. We further examined whether

the hippocampal cluster exhibited linear changes in activity
coincident with initial learning. Across the three learning
stages, there was a marginally significant decrease in BOLD
activity; t(44) 5 21.98, P 5 0.054. This latter result neither
corroborates or rules out a role for the hippocampus in learn-
ing conjunctions between related discriminations, especially
given that decreases in hippocampal BOLD may actually reflect
successful associative binding (Olsen et al., 2012).

Given the above, an important possibility is whether the
hippocampal generalization effects actually reflect the retrieval
of specific reward contingencies rather than a generalization
process per se. Indeed, our study was not ideally suited to
examine associative generalization since participants could have
solved the generalization task by retrieving the value of individ-
ual compound stimuli (e.g., AjB is rewarded). This would

FIGURE 3. Correlation between generalization performance and right hippocampal activity
during the generalization test. [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 2. Left panel: Cluster in the left inferior temporal gyrus (ITG) exhibiting linear
increases in activity as a function of the number of learnt discriminations. Right panel: Bar
chart illustrating the ITG effect. Because the plot shows data selected by a whole-brain analy-
sis, the bars are a biased representation of the true effect size in this region. Error bars indicate
95% confidence intervals. [Color figure can be viewed at wileyonlinelibrary.com]
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entail a form of “stimulus” generalization, that is, the extension
of a prelearnt response across similar contexts. As such, while
we did not detect any significant modulations of hippocampal
BOLD over the course learning, it is possible that the hippo-
campal effects simply reflect better stimulus generalization in
participants with the strongest representations of the original
contingencies. However, we consider this to be unlikely. Partici-
pants’ ability to generalize was uncorrelated with learning rate
(as measured by the time to reach stage 3); r(13) 5 0.19,
P 5 0.498. Furthermore, the hippocampal correlations with
generalization at both stage 3 and the generalization test held
after controlling for learning rate; r(12) 5 0.649, P 5 0.013,
and r(12) 5 0.843, P< 0.001 (respectively). Given these find-
ings, we suggest that the hippocampus contributed to generali-
zation performance over and above simply representing the
directly trained associations.

The main focus of this study is on the role of the hippocam-
pus in learning a set of related discriminations and generalizing
them on the basis of equivalence class membership. We found
no strong evidence for learning-related BOLD changes within
the hippocampus that would be consistent with encoding-based
models of generalization. However, it remains a possibility that
the small number of subjects included in our final sample may
have limited our ability to detect such effects. Nonetheless,
during the generalization test, one hippocampal region showed
a robust correlation between BOLD activity and individuals’
ability to generalize. Importantly, the association between gen-
eralization performance and hippocampal BOLD was also pre-
sent in the learning phase after all discriminations had been
learnt. This suggests that representations necessary for accurate
generalization may have been present in the hippocampus
before there was any requirement to make generalizations.
Although post-hoc, this latter finding is partially supportive of
an encoding-based mechanism.

Taken together, the results of our study support a role for the
hippocampus in both “on-the-fly” generalizations that are com-
puted in novel situations and in generalizations during initial
learning where the hippocampus activates information from pre-
vious events which share features relevant to the current event.
Our results are therefore consistent with proposals that the hip-
pocampus contributes to generalization at both encoding and
test via the same fundamental mechanism (Zeithamova and
Preston, 2010; Zeithamova et al., 2012b).

The region of the hippocampus associated with generaliza-
tion in our study was midway along its length. Several neuro-
imaging studies have implicated the anterior hippocampus in
generalization (Heckers et al., 2004; Shohamy and Wagner,
2008; Schlichting et al., 2015). However, it may be that the
site of hippocampal involvement in generalization depends on
the nature of the information that must be generalized. It has
been argued that the longitudinal axis of the hippocampus is
characterized by a functional gradient whereby mnemonic rep-
resentations that are more local to each other in space or time
are coded by more posterior hippocampal regions (see, Strange
et al., 2014). Moreover, associations between events that are
closely related within a narrative structure may be represented

by posterior parts of the hippocampus while associations
between more distally related events are represented by anterior
regions (Collin et al., 2015). It is therefore possible that the
precise locus of hippocampal involvement in generalization
depends on the nature of the associations that are being
generalized.

Outside of the hippocampus, learning-related effects were
observed in several regions, including two which are strongly
implicated in semantic processing (the left angular gyrus [AG]
and left inferior temporal gyrus [ITG]). Unlike the hippocam-
pus, the ITG showed activation increases suggestive of gradual-
ly learning generalized memory traces. Interestingly, activity in
this region also correlated with generalization performance dur-
ing the initial learning phase. Damage to the ITG results in a
loss of semantic knowledge (e.g., Mummery et al., 2000;
Schwartz et al., 2009). Given this, we suggest that the left ITG
may be responsible for storing integrated memory traces rele-
vant to subsequent generalization. In contrast, the left AG is
believed to play a role in matching the conjunctions of percep-
tual features to specific memory representations (especially in
the light of competition from similar, overlapping representa-
tions; see Ansari, 2008).

We also observed learning-related effects in the ventromedial
prefrontal cortex (vmPFC). Previous learning and generaliza-
tion studies have shown that vmPFC activity and its connec-
tivity with the hippocampus correlates with subsequent
generalization performance, both during encoding and retrieval
(Zeithamova and Preston, 2010; Zeithamova et al., 2012a).
Furthermore, lesions to this region impair the ability to make
transitive inferences (Koscik and Tranel, 2012). One model
suggests that the vmPFC acts to reactivate well-established
memories (i.e., schemas) when they are consistent with incom-
ing information and to integrate new information into memory
schemas (Van Kesteren et al., 2012). Thus the vmPFC, work-
ing in close association with the hippocampus, is able to create
integrated knowledge representations that have been abstracted
away from individual events that share common elements (see
also, Schlichting and Preston, 2015).

To conclude, our findings support the hypothesis that the
hippocampus enables generalization, primarily though
retrieving stimuli that share overlapping details. This occurs
both in novel situations, when there is an explicit require-
ment to generalize, but is also present during learning, when
similar stimuli might be assigned spontaneously to a superor-
dinate equivalence class.
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