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Humans can learn to exploit repeated distractor arrangements to optimize attentional selection of targets, pro-
ducing contextual facilitation. The hippocampus is thought to support context representations acquired from
repeatedly searching a given scene layout. However, it remains unclear whether the hippocampus primarily

gffrilaﬁon based MVPA encodes context-target associations, in which the distractor layout directly predicts the target location, or
DCM whether it additionally encodes associations among distractors, enabling target prioritization indirectly via

context suppression. To examine the neural mechanisms of contextual learning, we combined functional mag-
netic resonance imaging with a two-phase visual search paradigm: Phase 1 presented predictive (repeated)
distractor layouts with consistent target locations, affording contextual cueing; Phase 2 rendered these layouts
non-predictive by randomizing target locations, fostering context suppression. Contextual facilitation was
compared against a baseline of non-repeated arrangements. We found that both context-target (Phase 1) and
distractor-distractor (Phase 2) associations were reliably decoded from the hippocampus using correlation-based
multi-voxel pattern analysis. A functional dissociation emerged along the hippocampal axis: anterior and pos-
terior hippocampal regions identified in the whole-brain univariate analyses exhibited relatively greater con-
tributions to Phase 1 context-target and Phase 2 distractor—distractor associations, respectively, indicating their
stronger involvement in the corresponding memory representations. Connectivity modeling showed the tem-
poroparietal junction (TPJ) interacted with the hippocampus in different ways depending on context predictivity.
These findings indicate anatomically separable hippocampal circuits represent predictive context-target and
non-predictive distractor-distractor relations, with their attentional effects gated by the TPJ.

Significance Statement: Although the hippocampus supports the encoding and retrieval of recurrent spatial
distractor-target relations in visual search, its distinct roles in representing context-target relations (associating
the target location with the configuration of distractors) versus sole-context (distractor-distractor) configurations
has not been dissociated. The present study decoded both forms of contextual representation in the hippocampus:
the anterior hippocampus preferentially encoded context-target associations, whereas the posterior hippocampus
maintained sole-context memory. The signals generated by these distinct hippocampal regions regulate how the
target is prioritized for attentional selection, with the temporoparietal junction (TPJ) dynamically adjusting the
mode of prioritization in response to the learnt configural structure and how reliably it predicts the target
location.

1. Introduction

Statistical regularities — including the spatial relations between tar-
gets and distractors — help optimize visual search performance (Awh
et al., 2012). Repeated exposure to specific target-distractor configura-
tions, even in abstract arrays, allows these patterns to be encoded in
long-term memory, guiding attention to the target when such
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arrangements are re-encountered — a phenomenon referred to as
contextual cueing (Chun and Jiang, 1998; Chun and Nakayama, 2000;
Goujon et al., 2015). While early studies of contextual cueing focused on
scenarios with distractor arrangements that are 100 % predictive of the
target location, recent evidence indicates that contextual learning can
also occur when only the distractor, but not the target, locations are
stable. The latter condition allows learnt distractor configurations to be
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rejected and thereby raise the attentional priority of the target (Vadillo
et al., 2021; Chen et al., 2024). Using functional magnetic resonance
imaging (fMRI), the present study investigated the neural mechanisms
underlying contextual learning and attentional selection in both pre-
dictive and non-predictive search environments.

Within a hierarchical predictive-coding framework (Friston, 2005,
2008), contextual cueing can be explained by higher-level representa-
tions generating predictions about expected distractor and target loca-
tions and transmitting these signals down the processing hierarchy. This
view aligns with observed repetition-suppression effects, where
full-repeated displays elicit reduced neural responses across the ventral
visual stream, the inferior parietal lobule, and inferior frontal gyrus
(Pollmann and Manginelli, 2010; Westerberg et al., 2011; Manginelli
et al., 2013). The medial-temporal lobe (MTL; including bilateral hip-
pocampus, parahippocampal, and perirhinal cortices) plays a key role in
encoding and retrieving contextual relations among objects (Chun and
Phelps, 1999; Greene et al., 2007; Geyer et al., 2012; Manelis and Reder,
2012; Giesbrecht et al., 2013). Other, working-memory-related regions
like the intraparietal sulcus (IPS) maintain learnt spatial contexts to
guide the allocation of attention (Manginelli et al., 2013). Although
traditionally associated with stimulus-driven reorienting (Corbetta and
Shulman, 2002), the temporoparietal junction (TPJ), too, is involved in
integrating contextual memory with attentional guidance, especially in
predictive environments (Geng and Mangun, 2011; Geng and Vossel,
2013; Dugué et al., 2018). There have also been reports of reduced TPJ
activity (Shulman et al., 2003, 2007; Wei et al., 2009) reflecting a dis-
tractor filtering mechanism that protects goal-driven behavior.

Despite consensus that the hippocampus plays a critical role in
encoding and retrieving context-target associations in contextual cueing
(e.g., Chun and Phelps, 1999; Greene et al., 2007), no prior work has
disentangled the neural representations of (predictive) context-target
relations from those of (non-predictive) sole-context relations. By
examining only full-repeated displays with fixed target-distractor re-
lations (against the baseline of novel, non-repeated displays), the extant
studies cannot tell whether hippocampal responses reflect memory for
the target-in-context or for the contextual structure itself. This raises a
fundamental question: does the hippocampus also encode sole-context
regularities in the absence of target information and, if so, how do these
representations differ from those supporting context-target associations?
Addressing this is crucial for understanding whether the hippocampus
acts purely as a target-context binding system that mediates attentional
guidance to the target location in fully predictive contexts, or whether it
also supports sole-context relational binding mediating target prioriti-
zation via distractor suppression in less predictive contexts.

To explore this, we manipulated spatial target-context relationships
across two phases, following initial training outside the scanner. In
Phase 1, both the distractor and target locations were repeated (Old-All),
making the target location fully predictive (context-target learning). In
Phase 2, only the distractor arrangements remained unchanged while
target locations varied unpredictably (Old-D) (sole-context testing). Half
of the trials contained no targets. We employed correlation-based multi-
voxel pattern analysis (MVPA; cf. Haxby et al., 2001) to isolate and
compare these memory representations in the hippocampus, allowing
these forms of learnt spatial regularity to be directly differentiated.
Additionally, we used dynamic causal modeling (DCM) to assess how
effective connectivity between the hippocampus and TPJ - two regions
linked to contextual memory and attentional control, respectively — is
modulated by context predictivity in the presence vs. absence of a target.

2. Materials and methods
2.1. Participants
27 participants (12 females; age: M = 23.25 years) took part in the

study. All were right-handed and had normal or corrected-to-normal
visual acuity. The study was approved by the Ethics Committee of the
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Department of Psychology, LMU Munich (Project ID 01_Chen_b). All
participants provided written informed consent prior to the experiment
and received payment for their service.

2.2. Power calculation

To determine the sample size, we performed an a-priori power
analysis based on previous studies (Vadillo et al., 2021; Chen et al.,
2024). We estimated the least effect size of contextual cueing (d, = 1.1)
and context suppression (d, = 0.60). With 85 % power and an alpha level
of 0.05, the required sample size was 22 participants to observe a
contextual faciliation effect with both full-repeated and
distractor-repeated displays. This sample size was also sufficient to
detect a contextual facilitation effect in the MTL (d, = 0.67) as reported
in previous fMRI studies using ROI analysis (Greene et al., 2007; Preston
and Gabrieli, 2008).

2.3. Apparatus

Before the fMRI session, participants received behavioral training
outside the scanner to familiarize them with the task. Training took
place in a sound-reduced, moderately lit chamber. Stimuli were pre-
sented on a 24-in. Samsung SyncMaster screen (1280 x 1024 resolution,
120-Hz refresh rate). Participants viewed the screen at a distance of 60
cm, with heads stabilized using a forehead-and-chin rest and gaze
monitored by an EyeLink 1000 eye tracker. During scanning, partici-
pants lay down comfortably with their heads in the head coil, cushioned
to minimize head movement. Participants viewed the stimuli, projected
onto a back projector canvas (diagonal 30 in.) via an adjustable mirror
mounted on the head coil, at a viewing distance of 110 cm. The task was
presented by an MRI-compatible ProPIXX DLP LED projector (Pixx
Technologies Inc, Canada) and responses were collected via a four-
button box. Event scheduling and response recording were controlled
by customized Matlab codes using the Psychophysics Toolbox (Brainard,
1997; Pelli, 1997).

2.4. Stimuli

The experiment employed variants of the classical “T” vs. “L’s”
visual-search paradigm: participants searched for a target letter T among
16 distractors L’s (randomly rotated by 0°, 90°, 180°, or 270°) and
discriminated the orientation of the T (rotated either 90° or 270°) if the
target was present (by pressing the left or the right outer buttons on a
response pad using their left or right thumbs, respectively) or pressed
the inner buttons in case the target was absent, as quickly and accurately
as possible (Fig. 1a). Distractors appeared at random locations on four
concentric (invisible) circles (with radii of 2°, 4°, 6°, and 8° of visual
angle, respectively), with the following constraints: all display quadrant
contained equal numbers of distractor items (to avoid salient item
clusters), and the target appeared only on the second or third ring (to
avoid center and outer-edge effects).

2.5. Procedure and design

The MRI session consisted of 20 blocks, each containing 36 trials. The
first 10 blocks constituted Phase 1, while the remaining 10 blocks
comprised Phase 2. Each trial began with a central fixation marker (0.4°
x 0.4° of visual angle) presented for a randomly jittered interval be-
tween 1 and 1.3 s, followed by a search display presented for 1 s
(Fig. 1a). The search display automatically disappeared if a response
was made within this period, otherwise it was replaced by a 1-s blank
screen. Participants were given up to 1.5 s from display onset to respond;
late or empty responses were recorded as misses. After each block,
feedback in the form of mean performance accuracy in the just
completed block was displayed at the center of the screen.

Three types of display were used: full-repeated displays (Old-All),
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Phase 1 (Target fixed )

Fig. 1. Schematic illustration of the trial sequence and experimental conditions. (a) A trial started with a central fixation marker, followed by a search display that
was presented for one second. The task was to find the target T among the 1-shaped distractors and discriminate its (left-/right) orientation with the outer buttons
(green/blue) of a response pad, as quickly and accurately as possible. If the target T was absent, participants were instructed to randomly press either of the inner
buttons (yellow or red). A response made within the display period removed the search display. Participants had to respond within 1.5 s after the onset of the display;
otherwise, the response was recorded as ‘empty’. The fixation dot was present on the screen throughout the experiment. (b) Full-repeated displays (Old-All) with
target locations fixed in Phase 1 were transitioned to distractor-repeated displays with target locations randomized (Old-D) in Phase 2, where the old contexts in
initially full-repeated displays were rendered non-predictive of the target location despite the distractor configurations remaining the same. In New displays, the
distractor arrangements were newly generated in both phases.(For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.).

where context-target arrangements were fixed; distractor-repeated dis-
plays (Old-D), where distractor positions were repeated but the target
location varied randomly; and new displays (New), where distractor
positions changed on every trial. In Phase 1, there were four distinct full-
repeated displays (Fig. 1b). Each display had a distinct target location
fixed within one particular quadrant relative to an invariant distractor
context. Across the four displays, targets appeared in different quadrants
to avoid spatial overlapping. During Phase 2, previously predictive
contexts (from Phase 1) were rendered non-predictive of the target
location, that is, while the distractor arrangement remained constant,
the target location became variable; that is, the target appeared at a
location that was (pseudo-)randomly selected on a given trial — so that
the distractor context could no longer be used as a ‘pointer’ the target
location. To avoid confounding of contextual facilitation by absolute
target position learning (Geng and Behrmann, 2005), four distinct target
positions were assigned to the old-context condition, and four others to
the new-context condition, with the two sets of four fixed target loca-
tions changed from Phase 1 to Phase 2. That is, in Phase 2 (in which the
distractor context was made non-predictive), the target locations were
trial-wise randomized among a set of four distinct positions that had not
been occupied by targets in Phase 1, with one set for old-context displays
and another set for new-context displays. Selecting a new set of four
locations also for new-context displays ensured that the (new-context)
baseline condition was comparable between Phases 1 and 2. Within the
general constraints just described, the specific displays (i.e., the target
locations and distractor arrangements) presented were generated indi-
vidually for each participant.

Participants were instructed to maintain central fixation during the
trial. Compliance was checked by monitoring their eye movements using
an eye tracker. The fMRI session was preceded by a behavioral training
session and followed by a recognition-memory test (administered
outside the scanner). In the post-test, participants were shown 16 trials:
eight displays with old contexts (four with target locations from Phase 1

and four with target locations from Phase 2), randomly interspersed
with eight newly generated displays. Participants had to classify a given
display as “old” or “new” (by pressing the left or the right arrow key),
that is: as already seen during the search task or as not seen before.

2.6. Data acquisition and preprocessing

The study was conducted at the Neuroimaging Core Unit Munich
(NICUM) at LMU Munich on a 3T MRI scanner (Siemens Magnetom
Prisma). Functional images were obtained using a multiband acceler-
ated echo-planar imaging (EPI) sequence (TR: 1000 ms; TE: 30 ms; flip
angle: 45°; interleaved slice order), permitting us to present the displays
relatively fast while controlling eye movements using an MR-compatible
EyeLink system. Each volume consisted of 48 transverse slices (field of
view: 210 mm; matrix: 70 x 70 pixels; 3-mm isometric voxels; inter-slice
gap: 0.3 mm). For co-registration, an additional high-resolution T1-
weighted image of the whole brain was acquired prior to the experi-
mental runs using an MPRAGE sequence (TR: 2500 ms; TE: 2.22 ms; 208
transverse slices; matrix: 256 x 256; 0.8-mm isometric voxels).

The analyses were performed with SPM12. The functional images
were first preprocessed with realignment, re-slicing, and slice-time
correction. Then, head movement was corrected using affine trans-
formation in a two-pass procedure, aligning individual functional im-
ages to their mean image using second-degree B-spline interpolation. No
participants exceeded the exclusion criteria (translation > 3 mm or ro-
tations > 3°). Mean images were then spatially normalized to the 3-mm
standard Montreal Neurological Institute (MNI) space using the unified
segmentation approach, and the resulting deformation fields were
applied to all functional images. The normalized fMRI images were then
smoothed with a 6-mm full-width-at-half-maximum (FWHM) Gaussian
kernel to improve the signal-to-noise ratio and compensate for residual
anatomical variations.
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2.7. Behavioral data analysis

Trials with response errors or with extreme reaction times (RTs),
defined as below 200 ms or above 2.5 standard deviations from an in-
dividual’s average RT per condition, were excluded from RT analysis
(2.4 %). Since generalized linear mixed-effects models (GLMMs) provide
a flexible framework for modeling non-normally distributed data and
account for subject-level variability, we applied GLMMs to the raw RT
data. A Gamma distribution with a log link function was used, appro-
priate for the positively skewed RT data. For the training session con-
ducted outside the scanner, the model included the fixed effects of Block
(B; modeled as log-transformed), and Display (D; old vs. new). For the
scanning session, fixed effects included Block (log-transformed),
Display (old vs. new), Target presence (T; present vs. absent), and
Phase (P; Phase 1 vs. Phase 2). Participant was included as a random
factor with a random intercept and slopes for conditions to account for
individual differences in baseline response times and in the effects of
different experimental conditions (see also Chen et al., 2024). All
GLMM s were fitted using the glmmTMB package (Brooks et al., 2017) in
R. Assuming no RT difference between different types of display in the
first block, but gradual development of contextual-facilitation effects
across the blocks (cf. Chun and Jiang, 1998), we defined the model for
the training session as follows:

RTjj = by + [b1 + b2Doia)log(B;) + uj + vyjlog(B;) + vyD; + €5

where by is the fixed intercept, representing the estimated RT in Block 1,
while b; captures the overall learning rate and b, represents the
contextual-facilitation effect for full-repeated relative to new displays.
Furthermore, y; is the participant-level random intercept, while v;; and
voj model individual variation across blocks and displays, respectively.

During scanning, the model incorporated additional factors that
allowed us to test additional effects of our experimental manipulations
(namely, fixed vs. variable target placements and target-absent vs.
target-present trials):

RTij = bO + bl lOg(Bl) + bZDold + b3 Tabsent + (b4Dold + bSTabsent)log(Bi)
+ b6D old Tabsent

+b7D new Tpresentp + bSDold Tprexentp + b9Dnew Tabsentp + b 10Dold Tabsentp

+uj + vyjlog(B;) + vy Ti + v3iD; + €5

In this model, by represents the RT in Block 1 for the baseline con-
dition (New displays, Target present). b; reflects context-independent
procedural learning (i.e., facilitation in terms of search RT with time
on task for new- as well as old-context trials), by represents the main
effect of display type (Old vs. New in the presence of the target), while bz
captures the main effect of target presence in new displays. b4 and bs
represent how the learning rate differs by display type and target pres-
ence, respectively. bg represents their interaction, and by — by capture
three-way interactions involving display type, target presence, and
experimental phase, testing whether these effects change between
phases. Participant-level random intercepts and slopes (i, V1, Vo), V3)
capture individual differences in baseline RTs and condition effects.

Accuracy was modeled using a GLMM with a binomial distribution
and a logit link function, appropriate for binary outcomes (e.g., response
correct/incorrect). The model included the same fixed effects as the RT
model. Participant was treated as a random effect.

The selected models did not differ significantly from the corre-
sponding full factorial models (all likelihood test ps > 0.1). Since our
selected models align with the theoretical hypothesis while possessing a
simpler structure, we report the results from these models.

2.8. Imaging data

Visual stimulus-onset vectors were defined for the 24 different
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conditions, that is: 4 Configuration Types (the four repeated con-
text—target pairings in Old-All, the four repeated distractor-only contexts
in Old-D, and the four repeated target locations with randomized dis-
tractors in New displays) x 2 Target locations (or Phases: Phase 1, Phase
2) x 3 Display Types (Old-present, Old-absent, New-present). Events
were convolved with the canonical hemodynamic response function
(HRF), and the six head movement parameters were included as
nuisance regressors. Finally, each experimental regressor was contrasted
against the implicit baseline to generate the first-level contrasts for the
subsequent correlation-based MVPA.

We also conducted a separate first-level GLM analysis with a full
factorial design: 2 (Phase: Phase 1, Phase 2) x 2 (Display: old, new) x 2
(Target Presence: present, absent). Also, events were convolved with the
canonical HRF, and the six head-movement parameters were included as
nuisance regressors. The resulting contrast images were entered into a
second-level flexible factorial design with “conditions” as within-
participant factors and participants as a random factor, implementing
a random-effects analysis. We quantified learning by computing two
contrasts using planned t-contrasts, familywise error (FWE) corrected at
the cluster-level (with voxel-level cut-off of p < .001): Old-All vs. New1
for classic context-target learning, restricted to target-present trials; Old-
D vs. New2 for sole-context learning, pooling across target-present and
target-absent trials. The effect of Target Location (Phase), the effect of
Target Presence, and the interaction between Display and Target Pres-
ence were also assessed.

2.9. Correlation-based MVPA

To investigate long-term-memory (LTM) representation similarities
of the different display types, we conducted correlation-based multi-voxel
pattern analysis (MVPA) using the Decoding Toolbox (Hebart et al.,
2014). ROIs were defined in bilateral hippocampus using the
Harvard-Oxford probability atlas (> 30 % voxel probability). We
assessed the trial-by-trial activation patterns elicited by each critical
image by computing correlations across voxels within the ROL For each
image, the correlation of its activation pattern with itself (averaged
within condition) occupied the diagonal elements of the similarity ma-
trix, while correlations between different images were represented in
the off-diagonal elements. Specifically, for Old-context displays, we
extracted the four repeated-distractor configuration values from the
relevant voxels. For New displays, values were computed across random
configurations for each of the four target locations. For each of the six
conditions (3 Display Types x 2 Phases), correlation distances were
computed using Pearson’s r as the similarity metric between beta
weights. The correlation coefficients were Fisher z-transformed for sta-
tistical testing. Accordingly, lower z values indicate greater represen-
tational distinctiveness. We performed an rm-ANOVA on the similarity
coefficients with the two factors Target location (Fixed vs. Randomized)
and Display (Old, New). That is, we first combined the target-present
and target-absent trials for Old-context displays and compared the
combined score for Old-context displays with New-context displays.
Next, we compared Old-All vs. Old-D displays specifically. We expected
greater similarity for Old vs. New contexts regardless of Phase because of
repeated-context learning, and greater similarity for Old-All vs. Old-D
displays because of the randomized target locations in the latter.
Particularly, Old-D with target absent should engender higher similarity
than Old-D with target present.

2.10. Dynamic causal modeling

We selected the hippocampus and TPJ as ROIs for connectivity an-
alyses, given their respective roles in memory encoding/retrieval and
attentional selection. Each ROI was defined as a 6-mm-radius sphere
centered on participant-specific local maxima (p < 0.05, uncorrected)
near group-level peaks. Mean-adjusted data (i.e., first Eigenvariate of
the time series) from each participant were extracted from all voxels
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within left aHPC, pHPC, and TPJ. Left aHPC coordinates were based on
the contrast Old-All vs. New1 (both for target-present conditions), left
PHPC on the contrast Old-D vs. New2 (combining both target-present
and target-absent conditions), and left TPJ on the interaction contrast
Display (Old > New) x Target presence (target present > target absent).

Effective connectivity was assessed using dynamic causal modeling —
parametric empirical Bayes (DCM-PEB). First, a full connected bilinear
deterministic DCM without centering around the mean (Friston et al.,
2003) was estimated for each participant in SPM12 (cf. SPM procedure:
spm_dcm_fit). The model included (i) all fixed endogenous connections
(matrix A), (ii) all modulatory effects of condition (matrix B), and (iii)
experimental inputs (matrix C). Second, PEB modeled group-level ef-
fects across all parameters (cf. SPM procedure:spm_dcm_peb), focusing
on average connectivity across all participants, taking into account the
within-participant variability on the connectivity parameters while
ignoring between-participant factors. Bayesian Model Reduction (BMR)
was applied to iteratively prune parameters that contributed least to
model evidence (cf. SPM procedure:spm_dcm_peb_bmc). BMR has the
advantage that any reduced model at the group level can be estimated
efficiently without having to re-estimate the reduced models at the
single-participant level. Specifically, a greedy search iteratively
compared the full model with 256 models where one or more connec-
tions with least evidence are pruned and thus disabled, whereas the
parameters with the most evidence are kept stable so that the most
relevant nested models from the full PEB model are tested (Friston and
Penny, 2011; Friston et al., 2016). Next, Bayesian model averaging
(BMA) of the parameters across models was applied and used for group
inferences (e.g., Penny et al., 2006). Parameters with posterior proba-
bility > 0.95 were considered significant.

2.11. Code and data accessibility

The data and key analysis code supporting the study’s findings are

Outside scanner

Neurolmage 323 (2025) 121582

available at https://gin.g-node.org/siyi.chen/CCfMRI.
design and its analysis were not preregistered.

This study’s

3. Results
3.1. Behavioral data

3.1.1. Training phase

Both the accuracy and RT data showed effective procedural learning
and context-dependent learning (Figs. 2a-b). On average, participants
achieved 92.4 % accuracy for full-repeated displays and 88.5 % for new
displays. A GLMM showed that accuracy on new displays increased by 3
% per log(Block) (95 % CI [+2 %, +5 %], p < .001), reflecting proce-
dural learning. Importantly, accuracy for full-repeated displays
improved by an additional 5.5 % per log(Block) (95 % CI [+4 %, +7 %],
p < .001), evidencing enhanced context-based learning. RTs were
analyzed with a GLMM (Gamma family, log link). The model estimated
an initial mean RT of approximately 825 ms. RTs decreased by about 5 %
per log(Block) for new displays (95 % CI [-7 %, -3 %], p < .001), cor-
responding to a reduction of roughly 41 ms. For repeated displays, an
additional 4 % reduction was observed (95 % CI [-5 %, -3 %], p < .001),
equivalent to a further 30-35 ms decrease. Together, these results
confirm effective contextual learning above and beyond procedural
learning before the scanning session.

3.1.2. Scanning phase

The learning effect transferred to the scanner phase (Fig. 2c-f).
Participants showed 5 % higher accuracy for Old-context compared to
New-context displays (88 % vs. 83 %; 95 % CI [+3 %, +7 %], p < .001),
confirming preserved contextual cueing (Fig. 2c). Responses were
generally 9 % more accurate on target-absent than target-present trials
(91 % vs. 82 %; 95 % CI [+6 %, +12 %], p < .001), and accuracy for
target-absent trials improved ~5 % faster per log(Block) (95 % CI [+3

Inside scanner
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Fig. 2. Behavioral results from the training session (outside the scanner) and the test session (inside the scanner). Panel (a) and (b) show mean accuracy and RTs,
respectively, during the training session (1 block = 4 repetitions, 32 trials), and panels (c¢) and (d) depict accuracy and RTs during the test session. Data are plotted as
a function of block, separately for Old and New distractor contexts and for target-present and -absent conditions during the test session. Panels (e) and (f) depict the
accuracy and RT data, respectively, averaged per phase. Old contexts are labelled Old-All and the new contexts New1 in Phase 1 with fixed target locations (Block
1-10); and old contexts are labelled Old-D and new contexts New2 in Phase 2 with randomized target locations (Block 11-20). * denotes p < .01 and n.s.

non-significant.
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%, +8 %], p < .001), likely reflecting a bias to respond ‘target absent’
rather than ‘target present’, as is typically observed in hard search
tasks). A significant interaction between Target presence and Display
arose because the accuracy difference between target-absent and target-
present trials was smaller for Old-context (= 5 %) than for New-context
displays (= 16 %) (95 % CI [-10 %, -7 %], p < .001). A further three-way
interaction between Phase, Target presence, and Display indicated a
selective decline when predictive contexts lost validity. Accuracy
dropped by 9 % from Phase 1 to Phase 2 on target-present trials for Old-
context displays (95 % CI [-12 %, -7 %], p < .001), but showed a 5 %
non-significant increase for New-context displays (95 % CI [-1 %, +8
%], p = .13). Across both contexts, the phase-related decline was smaller
for target-absent than for target-present trials (New-context:6 %, 95 %
CI [-10 %, -2 %], p = .001; Old-context:5 %, 95 % CI [-8 %, -3 %], p <
.001). Thus, there was a specific cost (~9 % accuracy loss) when pre-
viously predictive contexts (Old-All in Phase 1) became non-predictive
(Old-D in Phase 2)—a pattern not observed for new, never-predictive
contexts.

The GLMM (Gamma family, log link) on RT data revealed a robust
contextual-cueing effect (Fig. 2d). Responses were significantly faster
for Old-context than New-context displays, with mean RTs being 12 %
shorter (95 % CI [-15 %, -10 %], p < .001). The average baseline RT for
New-context/Target-present trials was approximately 822 ms (95 % CI
[783, 863], p < .001). RTs decreased by about 3.4 % per log(Block) (95
% CI [-6 %, -1 %], p = .003), reflecting continued procedural learning.
Learning rates did not differ between Old- and New-context displays
(difference = +0.1 %, 95 % CI [-1 %, +1 %], p = .86), suggesting
retained learning without further enhancement. Target-absent trials
were on average 9 % slower than target-present trials (95 % CI [+4 %,
+14 %], p < .001), but they exhibited a 2.8 % steeper learning slope (95
% CI [-4 %, -2 %], p < .001). An interaction between Display type and
Target presence showed a greater RT difference between target-absent
and target-present trials for Old-context compared with New-context
displays, with RTs being 12 % longer in the Old-context/Target-absent
condition (95 % CI [+10 %, +14 %], p < .001). The three-way inter-
action among Display, Session, and Target presence indicated a phase-
related transition cost. In Session 2, RTs increased by about 3 % for
Old-context/Target-present trials (95 % CI [+1 %, +4 %], p < .001), but
decreased by 2 % for New-context/Target-present trials (95 % CI [-4 %,
0 %], p = .078). Thus, consistent with the accuracy results, there was a
phase-related transition cost due to the reduced contextual predictivity
in Phase 2.

Importantly, direct comparisons between Phases 1 and 2 confirmed
the distinct benefits of the learnt contexts (Fig. 2e~f). In Phase 1, Old-All
displays (predictive contexts) engendered larger performance gains (in
both accuracy and RTs) than New displays, but only when the target was
present (accuracy difference = 17 %, t (26) = 5.97, p < .001, d, = 1.15;
RT difference = 99 ms, t (26) = 9.41, p < 0.001, d, = 1.81), and not
when a target was absent (ts (26) < 1.23, ps > 0.23, d,s < 0.24). How-
ever, even after transitioning to Old-D displays in Phase 2 (in which the
target location was no longer fixed), significant RT benefits persisted for
Old-D vs. New displays, whether a target was present (58 ms) or absent
(23 ms, ts (26) > 2.82, ps ( 0.009, d,s ) 0.54). This is suggestive of
efficient distractor rejection despite the reduced target predictivity.

3.1.3. Recognition results

Participants’ explicit recognition performance - their ability to
discriminate repeated displays (‘signals’) from non-repeated ones
(‘noise’) — was assessed by the signal-detection sensitivity parameter d’
(Green et al., 1966). The mean d’ score (d’ = 0.003) was close to, and not
significantly different, from zero, t (26) = 0.03, p = .98, d = 0.006,
suggesting that observers had little (if any) awareness of the repetition of
(specific) distractor arrangements.

Overall, the behavioral data indicate that participants successfully
acquired the repeated contexts outside the scanner and used this implicit
knowledge during Phase 1, with fixed, context-predicted target
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locations, inside the scanner. Although there was a performance cost
when the distractor context was rendered non-predictive of the target
location in Phase 2, participants were still able to exploit the contexts to
facilitate target detection — evidenced by a persistent performance
benefit relative to the new-context baseline, though a lesser benefit
compared to the predictive contexts in Phase 1. This reduced facilitation
effect with non-predictive contexts cannot reflect contextual guidance
(as the acquired ‘cues’ to the target location were no longer valid), but
instead is likely attributable to participants reverting to a less efficient
distractor-context suppression strategy to single out the target item
(Chen et al., 2024, 2025a, 2025b).

3.2. fMRI data

3.2.1. Correlation-based MVPA

The main goal of the present study was to elucidate the brain regions
involved in context-target learning and sole-context (re-)learning,
respectively. Based on previous studies (e.g., Chun and Phelps, 1999;
Geyer et al., 2012; Manelis and Reder, 2012; Giesbrecht et al., 2013), we
expected the hippocampus to contribute to these forms of learning. To
differentiate between the two types of contextual learning -
context-target association (affording target prioritization via contextual
cueing) and distractor-distractor association (affording target prioriti-
zation via context suppression) — we applied correlation-based MVPA to
hippocampal (HPC) activity patterns (Fig. 3a). We performed an
rm-ANOVA on the similarity coefficients with the two factors Target
location (Fixed vs. Randomized) and Display (Old, New) (Fig. 3b). The
analysis revealed both main effects to be significant: representational
similarity was higher when the target location was fixed vs. randomized,
F (1, 26) = 5.40, p = .028, 1,° = .17, and markedly higher for Old vs.
New displays, F (1, 26) = 245.62, p < .001, ,° = .90. Although the
Target location x Display interaction was only marginally significant, F
(1, 26) = 3.76, p = .06, n,*> = .13, post-hoc testing suggested represen-
tational similarity to be higher when the target location was fixed rather
than randomized for Old displays, t (26) = 2.73, p = .01, d, = .53, but
not for New displays, t (26) = 1.33, p = .19, d, = .26. Interestingly, this
was the case even for Old-absent displays with the exact-same dis-
tractor-only arrangements in both phases: for these, too, representa-
tional similarity was greater in Phase 1 (Old-All, target-absent) than in
Phase 2 (Old-D, target-absent), t (26) = 3.04, p = .005, d, = 0.59. Thus,
the MVPA results confirm the behavioral findings: the initial (Phase 1)
context-target representations in the hippocampus proved quite robust,
likely because the distractor-target associations were already well
established prior to the scanner session. Notably, even after transition-
ing to conditions in which the target locations were no longer predict-
able (in Phase 2), hippocampal patterns continued to represent the
distractor-context quite consistently. These findings suggest that hip-
pocampal encoding of spatial context is sustained and remains relatively
coherent even when task-relevant target properties become
unpredictable.

3.2.2. Whole-brain univariate analysis and ROI selection

We focused on two key contrasts: (1) Old-All vs. New (Phase 1,
target-present trials), which aimed to capture regions involved in stable
context-target association; (2) Old-D vs. New (Phase 2, target-present
and -absent trials), aiming to identify regions involved in processing
familiar distractor contexts that afford no reliable prediction of the
target location — hypothesized to engage context-suppression mecha-
nisms. The first — Old-All vs. New1 (target-present) display — contrast
showed activations in the left anterior hippocampus (aHPC, x= —30, y=
—10, z= —16, cluster size = 31 voxels, T = 3.81). Additionally, left
precuneus, bilateral Angular gyrus, left ACC, left rectal gyrus, left su-
perior medial and frontal gyrus, and left middle temporal gyrus were
activated (Fig. 4a, Table 1). The second — Old-D vs. New2 display —
contrast revealed activations only in the bilateral posterior hippocampus
(left pHPC, x = —21,y = —43, 2 = 11, cluster size = 70 voxels, T = 3.95;
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Fig. 3. a Similarity matrices in the hippocampus area of correlation-based MVPA. b The mean z scores in different conditions based on the similarity matrices in a. *

denotes p < .05, ** p < .01, and n.s. non-significant.

right pHPC, x = 24, y = —43, z = 11, cluster size = 67 voxels, T = 3.92).

To quantify these effects, beta values were extracted from 3-mm-
radius spheres centered on peak hippocampal coordinates (see
Fig. 4a). In the left aHPC, activation was significantly greater for Old- vs.
New-context displays in Phase 1, but only when the target was present (t
(26) = 3.75, p < .001, d, = 0.72); no significant differences were
observed between old and new displays when the target was absent in
Phase 1 or in Phase 2, whether or not a target was present (all ps > .15,
d;s < 0.29). In contrast, the bilateral pHPC exhibited greater activation
for Old- vs. New-context displays in Phase 2, regardless of target pres-
ence (ts > 2.22, ps ( .035, d,s ) 0.43); no significant effects were observed
in Phase 1 for the bilateral pHPC signals (ps > .09, d,s < 0.34). This
pattern suggests a functional dissociation along the hippocampal longi-
tudinal axis: the aHPC is more engaged when the distractor context
reliably predicts the location of a target that is present in the display,
whereas the pHPC is recruited regardless of target presence under
conditions of low contextual predictivity.

To pinpoint the regions mediating context effects on attentional
target selection, we examined the interaction contrast: (Old > New) x
(Target present > Target absent), disregarding Phase in the first
instance. This contrast revealed increased activations in the left superior
frontal gyrus (SFG), left precuneus, and left angular gyrus within the
temporoparietal junction (TPJ), along with decreased activations in the
right inferior frontal gyrus (IFG). Beta values extracted from the left TPJ
(Fig. 4a, Table 1; x = —39, y = —61, z = 35, cluster size = 128 voxels, T
= 4.69) showed that in Phase 1, left TPJ activation was higher for Old vs.
New contexts when the target was present, t(26) = 4.57, p < .001, d, =
0.88, without a significant difference when the target was absent, t{(26)=
—0.44, p = .67, d, = —0.08. In Phase 2, by contrast, left TPJ activation
was significantly lower for Old vs. New contexts when the target was
absent, t (26) = —2.36, p = .03, d; = —0.45, with some tendency for
activation to be higher for Old contexts when the target was present, t
(26) = 1.85, p = .08, d, = 0.36. This pattern suggests that the left TPJ
supports attentional selection of a target embedded within a learnt
distractor context especially when the context reliably predicts target
location; in contrast, when the target is absent, it helps reduce atten-
tional deployment, especially when the target location is not reliably
predicted by the context.

Additional results from the whole-brain univariate analysis are
summarized in Fig. 4b In both phases, the New vs. Old contrast revealed
greater activation across multiple occipital and fusiform regions,

including the right fusiform gyrus, bilateral middle occipital gyrus, and,
on the left, the inferior occipital gyrus, lingual gyrus, and superior pa-
rietal lobule. These activations are consistent with repetition suppres-
sion, where repeated stimuli elicit reduced neural responses
(Grill-Spector et al., 2006; Summerfield et al., 2008). We also examined
Phase effects for Old- and New-context displays separately. The contrast
Old-D vs. Old-All - comparing less predictive with fully predictive learnt
contexts — revealed significant activations in both the pHPC and caudate,
along with bilateral engagement of the posterior medial frontal cortex
(pMFQ). In Phase 2 (Old-D), previously learned contexts elicited stron-
ger engagement of the hippocampal memory system than in Phase 1
(Old-All), likely because they had lost their predictivity with respect to
the target locations. Accordingly, the increased posterior hippocampal
activation may reflect the need to re-evaluate memory representations,
to reconcile familiar distractor contexts with new and relatively un-
predictable target locations. Concurrently, caudate activation may
reflect procedural adjustments in response selection when prior learning
must be overridden (Packard and Knowlton, 2002; Grahn et al., 2008).
Of note, the caudate was also more active for New displays in Phase 2 vs.
Phase 1 (New2 > Newl), consistent with a role in procedural learning.

3.2.3. DCM-PEB

To further explore the network-level dynamics between memory-
related (HPC) and attentional-selection-related (TPJ) regions, we used
DCM-PEB to assess effective connectivity between the left aHPC and the
left TPJ during Phase 1 (target location fixed), and between the left
pHPC and the left TPJ during Phase 2 (target location randomized).
Given that only the left aHPC was activated for context-target associa-
tions (in Phase 1), and bilateral pHPC for familiar distractor contexts (in
Phase 2), we focused on the left hemisphere to facilitate direct com-
parison of effective connectivity across phases. Therefore, the DCM
analyses focused on the phase-specific regions showing significant
activation. This approach ensured that connectivity was modeled only
among functionally relevant regions identified in each phase. For the
right pHPC-left TPJ connectivity in Phase 2, both regions exhibited only
negative self-connections and no significant reciprocal influences. As
can be seen from Fig. 4c, all regions exhibited negative intrinsic (self-)
connections (gray) across both phases, suggesting local inhibitory
regulation. In addition, in Phase 1, the intrinsic connection from aHPC to
TPJ was significant, while there were no significant intrinsic connec-
tions between the left pHPC and left TPJ in Phase 2.
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Importantly, the aHPC positively influenced the TPJ (red) when the
target was present in Old-All displays (Phase 1), indicative of learnt
context-target associations facilitating attentional deployment to the
target. However, when the target was absent, the direction was reversed:
the TPJ exerted a positive influence on the aHPC, possibly reflecting the
need for the updating memory-based expectations to accommodate the
absence of the predicted target. No significant effects were found for
New displays in Phase 1. In Phase 2, the pHPC positively influenced the
TPJ (red), but only when the target was absent in Old-D displays.
Assuming that pHPC holds distractor-distractor associations, its positive
influence on the TPJ may indicate facilitated attentional processing due
to signaling that locations usually occupied by distractors are unlikely to
contain the target and thus can be ignored. In contrast, for New displays
where a target was present, the pHPC impacted the TPJ (blue)

negatively, down-modulating the influence of context memory on target
selection. Similar to Phase 1, when expectations were violated by the
target appearing at a novel location in a previously predictive context
(Ol1d-D, target present) or when the context was entirely novel and did
thus not conform with any established expectations (New 2, target
present or absent), the TPJ exerted a positive influence on the pHPC —
suggestive of processes of mnemonic updating to accommodate the
deviant target location or the newly encountered distractor
arrangement.

Based on the univariate and DCM analyses, we also conducted a
correlation-based MVPA in the three ROIs—the left aHPC, left pHPC,
and left TPJ—as reported in the Supplementary Materials. These ana-
lyses yielded results that were supportive and complementary to the
main findings.
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Table 1
Activated regions in the key contrasts.

MNI coordinates

Contrast Brain Cluster T- X y 4
region size value
(voxels)

Old-All > L Precuneus 282 5250 —6 -55 29
Newl L Angular 199 4760 -51 -64 38
(Target Gyrus
present) R Angular 80 4195 45 -58 29

Gyrus
L ACC 304 4662 -3 41 2
L Superior 231 3687 —-15 44 29
Frontal Gyrus
L 31 3813 -30 -10 -16
Hippocampus

Old-D > New2 L 70 —3951 —21 —43 11
Hippocampus
R 67 —-3919 24 -43 11
Hippocampus

Context x L Superior 346 5215 —-15 47 35
Target Frontal Gyrus
presence L Precuneus 112 5102 —6 —55 29

L Angular 128 4687 -39 -61 35
Gyrus
R IFG 229 —4790 45 11 26

4. Discussion

The present study investigated how the brain flexibly adapts to
conditions of varying contextual predictivity during visual search. Par-
ticipants first acquired and consolidated distractor-target spatial asso-
ciations during training outside the scanner and continued this learning
through scanning Phase 1, where both target and distractor locations
were consistently repeated (target-fixed condition). This produced a
classic contextual-cueing effect, with faster reaction times and higher
accuracies for full-repeated compared to novel displays. Disrupting
target-location predictability in scanning Phase 2 impaired both accu-
racy and reaction time, yet repeated distractor contexts still facilitated
visual search (less than in Phase 1, but significantly relative to the
baseline of novel contexts) — suggesting that contextual (re-)learning
enabled efficient ‘ignoring’ of the distractor locations when they no
longer predicted target position. These behavioral results replicate the
findings of Chen and colleagues (2024, 2025a, 2005b), supporting the
existence of two distinct context-based learning processes: contextual
guidance when the distractor arrangement reliably predicts the target
location, and contextual suppression when that arrangement becomes
non-predictive. Although non-predictive contexts cannot directly guide
attention to the target, they nevertheless raise the target’s selection
priority by down-weighting the distractor locations. The fMRI results
further strengthened this distinction. Both types of memory were
decoded from the hippocampus: associations linking target location
with distractor context, and association binding distractor locations
among themselves. Further, whole-brain univariate analysis revealed
distinct anterior and posterior hippocampal regions supporting
context-target and distractor-distractor learning, respectively. These
(anterior, posterior) hippocampal subregions interact dynamically with
the TPJ, with connectivity patterns selectively modulated by the target
presence or absence depending on whether the distractor arrangement
predicts the target location.

The hippocampus (HPC) has been shown to be involved in the long-
term encoding and retrieval of spatial context-target associations (e.g.,
Eichenbaum, 2004; O’Reilly and McClelland, 1994), extending beyond
its traditional role in declarative memory (e.g., Squire, 2004). For
example, individuals with bilateral hippocampal damage or broader
medial temporal lobe lesions exhibit impaired statistical learning, failing
to extract temporal and spatial regularities from sensory input (e.g.,
Schapiro et al., 2014; Chun and Phelps, 1999). The hippocampus is
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engaged during implicit learning of repeated stimulus sequences (e.g.,
Rose et al., 2011), with hippocampal theta-band activity correlating
with the learning of familiar contexts (Spaak and de Lange, 2020).
Supporting this, Schapiro et al. (2012) used fMRI pattern similarity
analyses to show that neural representations of items consistently paired
within continuous sequences become more similar in the hippocampus,
reflecting the extraction of shared structural features. Our findings
extend this growing body of work to examine information representa-
tion in the human hippocampus (e.g., Baldassano et al., 2017; Libby
et al., 2014; Ekman et al., 2023). The correlation-based MVPA results
provide novel evidence that hippocampal activity patterns represent not
only context-target associations but also distractor-distractor configural
memory. During early phases of the task — when both the target and
distractor locations repeated consistently — the hippocampus formed
strong, reliable representations of the context-target relations. This
robustness likely reflects extensive acquisition and consolidation of
these associations, allowing the hippocampus to encode
spatial-contextual maps integrating both distractor and target informa-
tion. Remarkably, when target-location predictability later dissolved in
Phase 2, these hippocampal representations persisted. The hippocampus
continued to exhibit stable, coherent neural patterns corresponding to
the old distractor-only configurations, despite their reduced predictivity
for target locations.

In line with the correlation-based MVPA results, whole-brain uni-
variate analyses showed different hippocampal subregions activated for
Old versus New contexts across the two phases. The left anterior hip-
pocampus (aHPC) activated only when a target appeared at a specific
location predicted by the repeatedly encountered context-target
arrangement. In contrast, bilateral posterior hippocampus (pHPC)
showed stronger responses to Old versus. New contexts regardless of
target presence once contextual predictivity for the target location dis-
solved. These results were further supported by the correlation-based
MVPA to these regions (see Fig. S1 in the Supplementary Materials).
Within the context-target association-related aHPC, higher similarity
for Old compared with New displays during Phase 1 indicated well-
established context-target associations prior to scanning. Notably, the
absence of a significant difference between Old-present and Old-absent
displays in this phase suggests that these two conditions evoked highly
similar representations, consistent with a shared context-target asso-
ciative code. In the context-related pHPC, Old displays consistently
showed higher similarity than New displays. Importantly, the absence of
a difference between Old-present and Old-absent displays in Phase 2
(rather than Phase 1) indicates that the pHPC maintained similar
context-based representations after losing predictive value.

This finding aligns with established functional dissociation along the
hippocampal longitudinal axis (Stokes et al. 2015): the aHPC forms and
encodes associative or global representations, engaging more during
initial learning than later retrieval (Kim, 2015; Poppenk et al., 2013),
whereas the pHPC retrieves detailed, context-rich memories (Kim, 2015;
Poppenk et al., 2013). Recent model-based representational similarity
analyses during navigation in realistic virtual environments showed that
the aHPC encodes larger predictive horizons than the pHPC (Brunec and
Momennejad, 2022), converging with our findings and supporting a
functional gradient along the hippocampal long axis. The convergence
between correlation-based MVPA and whole-brain univariate analyses
demonstrates that qualitatively different fMRI methodologies can pro-
vide complementary evidence on underlying representations, high-
lighting the synergistic potential of combining encoding and decoding
approaches to better understand the neural basis of statistical learning in
visual search.

Beyond the hippocampus, our findings position the TPJ as a key node
in supporting efficient visual search by leveraging long-term contextual
memory. While traditionally linked to stimulus-driven attentional
reorienting (Corbetta and Shulman, 2002), our results align with the TPJ
also mediating attention allocation based on internal memory signals
(Geng and Vossel, 2013; Cabeza et al., 2008). Specifically, TPJ tracks
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hippocampal signals reflecting prioritized locations derived from sta-
tistical learning. This attentional read-out of memory content likely
enables rapid guidance toward learnt target locations or reduces atten-
tional processing of distractors when target locations become unpre-
dictable. This pattern emerged in increased TPJ activation for fully
repeated (vs. new) displays with predictable target locations and
reduced TPJ activity on target-absent trials for learnt contexts that had
lost target-location predictivity. These findings suggest TPJ supports
multiple attentional functions: direct target-location prioritization
through contextual guidance (i.e., ‘contextual cueing’ in the proper
sense) with fully predictive distractor arrangements, and relative pri-
oritization of target over distractor locations via distractor-context
suppression with non-predictive arrangements. Since the target loca-
tion becomes unbound from the context, down-weighting the distractors
as a group indirectly raises the priority of the target.

The dynamic nature of TPJ-HPC connectivity further suggests that
these regions flexibly interact depending on the predictivity of the visual
context with respect to the target location. TPJ tracks both target-related
memory representations (e.g., target-context associations) and non-
target contextual representations (e.g., distractor-distractor bindings)
— consistent with an interpretation of its role in context-based visual
search within a predictive-coding framework. When target-context as-
sociations were reliable (Old-All), the aHPC positively influenced the
TPJ, supporting memory-guided attentional orienting directly to the
predicted target location. When the target was absent in a less predictive
but familiar context (Old-D), the pHPC also exerted a positive influence
on TPJ, likely facilitating the down-weighting, or ‘suppression’, of dis-
tractor locations based on sole-context (re-)learning, thus indirectly
raising the selection priority assigned to the target location. However,
the direction of influence reversed when contextual predictions were
either unconfirmed on trials of target absence after reliable context-
target association learning, or when they were downright violated by
the target appearing at an unexpected location in Old-D displays, or
when novel contexts not matching any established memory represen-
tation were encountered: in all these cases, TPJ positively influenced the
pHPC, suggesting a shift toward mnemonic updating in response to
‘unusual’ input. Additionally, for New displays with target presence, the
pHPC also negatively influenced the TPJ, indicating reduced reliance on
contextual memory under conditions of contextual novelty and unpre-
dictability. Thus, TPJ contributes not only to detecting memory-based
attentional signals, but also to adaptively coordinating memory and
attention systems in a flexible, context-sensitive manner. These findings
parallel those of Isenburg et al. (2023), who showed
long-term-memory-guided attention to involve flexible network-level
reconfiguration: hippocampal regions (a default-mode node) increased
connectivity with dorsal attention areas when attention was guided by
memory. Our observed HPC-TPJ coupling reflects a more localized
version of this broader pattern: memory output from the HPC positively
influences TPJ to directly guide target selection or indirectly suppress
distractors based on prior context-target association or sole-context
learning. Our results demonstrate that such HPC-TPJ interactions can
occur even without explicit awareness, extending previous findings from
episodic memory studies to the domain of implicit statistical learning.
The dynamic interaction between hippocampus and TPJ underscores
how predictive and non-predictive learning engage distinct yet com-
plementary neural pathways to optimize visual search performance.

Our findings support two distinct forms of contextual learning:
contextual guidance when repeated distractor arrangements reliably
predict the target location, and contextual down-weighting when the
target position varies unpredictably relative to familiar distractor con-
figurations. In the latter case, the observed modulation of hippocampal
and TPJ activity may reflect adaptive suppression of previously pre-
dictive contextual information that has become unreliable. Neverthe-
less, alternative mechanisms warrant consideration. One possibility is
that these effects arise from expectation violation or mismatch detec-
tion, whereby the hippocampus signals that an established context no
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longer predicts the target, leading to reduced reactivation of the learned
association. Another possibility is reduced retrieval or re-engagement of
context representations once they lose behaviorally relevant, rather than
active suppression per se. Distinguishing between these accounts will
require further neuroimaging work using paradigms specifically
designed to dissociate context suppression, expectation violation, and
retrieval disengagement processes.

5. Conclusion

Our findings support the notion of two distinct forms of contextual
learning: contextual guidance, when repeated distractor arrangements
reliably predict the respective target location, and distractor suppres-
sion, when the target position varies unpredictably relative to the dis-
tractor configuration. Both context-target and distractor—distractor
spatial associations are decodable from the hippocampus, with whole-
brain univariate analyses revealing a division of labor between ante-
rior and posterior hippocampal regions. These anatomically distinct
hippocampal circuits encode the different types of spatial regularity,
while the TPJ dynamically gates their influence on attentional pro-
cessing depending on the predictivity of the context.

Code and data accessibility

The data and key analysis code supporting the study’s findings are
available at https://gin.g-node.org/siyi.chen/CCfMRI. This study’s
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