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A B S T R A C T

Episodic memories are leveraged to predict upcoming input. Latent Cause Theory (Gershman et al., 2017) 
predicts that after moderate prediction errors, existing memories will be updated by integrating new information, 
while after large prediction errors, a new latent cause is inferred, and the unpredicted event is encoded as a 
separate trace. To date, no study has directly compared memory updating with new latent cause inference in 
neural signatures and representational consequences. This study used naturalistic dialogues, being either 
coherent within the same latent cause or involving an unpredicted change of topic, causing new latent cause 
inference. Additionally, it was varied whether dialogues were familiar or novel, with only the former allowing 
the formation of high-precision predictions. While all prediction errors engaged a core network of inferior frontal 
and superior temporal regions, as well as Crus 2, updating existing memories with new information additionally 
relied on frontal midline regions (BA9 and vmPFC). Neural substrates of new latent cause inference depended on 
whether a precise prediction had been possible: Low-precision predictions evoked broad processing and infor
mation gathering, while high-precision predictions instead lead to a top-down adherence to the prediction. These 
findings suggest that updating memories with new information necessitates higher-order frontal engagement and 
highlight how prediction precision shapes prediction error processing. More broadly, the findings demonstrate 
how episodic memory representations are reorganized in response to unpredicted events, distinguishing between 
updating an existing trace or by forming a new, separate one.

1. Introduction

Episodic memory is not only a means to recall the past, but also a 
substantial resource for predicting the future (Addis et al., 2007). 
Beyond deliberate future thinking, where we intentionally imagine 
specific events in the future (Cole & Kvavilashvili, 2021), predictive use 
of memory occurs automatically and without conscious awareness, as 
the brain predicts upcoming sensory input on a short time scale ac
cording to the predictive coding framework (Bubic et al., 2010). When 
such predictions fail, so-called prediction errors (PEs) are elicited, sig
nalling the need to explore the environment and update existing models 
or acquire new ones (Brown & Brüne, 2012; Friston & Kiebel, 2009). 
This can lead to the encoding of the unexpected event (Brod et al., 2018; 
Frank et al., 2020; Greve et al., 2017; Kalbe & Schwabe, 2020), the 
weakening of existing memories (Kim et al., 2014, 2019), and 

combinations between the two (Siestrup et al., 2022; Sinclair & Barense, 
2018), accompanied by different representational changes (Bein et al., 
2023; Boeltzig, Liedtke, Siestrup, et al., 2025). The fact that prediction 
usually occurs without conscious awareness (Rowe et al., 2020) makes 
PEs a powerful mechanism for the modification of episodic memories.

According to Latent Cause Theory (Gershman et al., 2017), the exact 
impact of PEs on memory depends on PE size. Specifically, moderate PEs 
lead to integration of the unpredicted event into the current model 
(which can be fed by episodic memories). Larger PEs, in contrast, lead to 
the inference of a new latent cause: Instead of integrating new infor
mation into the existing model, they prompt a switch to a different 
model capable of explaining the unexpected event better. If no such 
alternative model is available, a new one must be formed. Thereby, the 
brain structures experience into latent causes by weighing when to 
integrate versus separate events (Bein et al., 2023), producing an 
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optimally structured model of the environment. In the current study, we 
aimed to investigate how updating via integration after moderate 
episodic PEs and latent cause separation after large episodic PEs differ 
from each other in neural signatures as well as representational and 
mnemonic consequences.

Latent Cause Theory (Gershman et al., 2017) is based on modelling 
work of Pavlovian conditioning paradigms. In these cases, the models 
used for predictions are stimulus-outcome mappings, such as a condi
tioned relation between a tone and a shock. However, internal models 
are supposed to allow reliable predictions for any sensory input and thus 
need to reflect more complex regularities and experiences as well 
(Brown & Brüne, 2012; Schubotz, 2007). Consequently, prediction has 
been suggested to be strongly based on memory (Reichardt et al., 2020), 
and both semantic (Frank et al., 2018; Greve et al., 2019; van Kesteren 
et al., 2012) and episodic memory (Kim et al., 2014, 2017; Long et al., 
2016; Varga et al., 2025; Wahlheim et al., 2021) has been demonstrated 
to be used for predicting. Basing predictions on episodic memories may 
be the most effective solution in highly repetitive situations, in unstable 
contexts where no regularities can be extracted (Kim et al., 2019), or in 
novel situations where no schema has been formed yet.

Latent Cause Theory may provide a useful framework for thinking 
about consequences of PEs, even when they are based not on condi
tioned associations, but on episodic memories. Specifically, two paral
lels can be drawn between what is already known about episodic PEs 
and the principles specified in Latent Cause Theory (Gershman et al., 
2017). First, despite the higher complexity of episodic memory, PEs that 
signal mismatches compared to previous experiences are being gener
ated (Jainta et al., 2022; Siestrup & Schubotz, 2023; Sinclair et al., 
2021). In fact, the hippocampus, which is often described as the prime 
mismatch detector (Barron et al., 2020; Chen et al., 2015), selectively 
responded to changes to an encoded episode, but not to violations of 
schema in a recent study (Varga et al., 2025). Second, different studies 
have argued either for integration (Greve et al., 2018; Wahlheim & 
Zacks, 2025) of predicted and unexpected episodes, or for their sepa
ration (Bein et al., 2021; Kim et al., 2017). As integration and separation 
are stipulated within Latent Cause Theories after PEs of different sizes, it 
is intriguing that episodic PE size could have similar effects.

Based on these parallels, recent research has found support for the 
principles of Latent Cause Theory (Gershman et al., 2017) even when 
predictions are based on episodic memories. Consistent with an updat
ing process, where new information is integrated into an existing 
memory, moderate PEs have been shown to lead to decreased source and 
recognition memory performance for both predicted original and 
unpredicted new versions of an episode (Boeltzig, Liedtke, & Schubotz, 
2025), accompanied by parahippocampal activity (Liedtke et al., 2025). 
After large PEs however, the original memory trace has been shown to 
be left more representationally unchanged (Boeltzig, Liedtke, Siestrup, 
et al., 2025), and both source and recognition memory of the predicted 
original and unpredicted new version are enhanced (Boeltzig, Liedtke, & 
Schubotz, 2025; Boeltzig, Liedtke, Siestrup, et al., 2025). This indicates 
that the unpredicted new version is encoded distinctly from the original 
one, which is consistent with the inference of a new underlying latent 
cause.

These neural and behavioural results support the ideas of PE size- 
dependent integration or separation when predictions are based on 
episodic memories. However, these studies using continuous manipu
lations of PE size have not allowed directly comparing neural processes 
of model updating and new latent cause inference. To fully assess con
sequences of moderate, compared to large PEs, it is crucial to understand 
these mechanisms within episodic prediction.

Latent Cause Theory focuses on the accuracy of the prediction as the 
key determinant of PE size, and thereby of whether the current model is 
updated or a new latent cause is inferred. However, predictive coding 
accounts emphasize that both accuracy and the precision of the predic
tion jointly determine the effective influence of a PE: accuracy reflects 
how close the prediction is to the actual input, whereas precision 

denotes the confidence or sharpness of the prediction itself (Henson & 
Gagnepain, 2010). Consequently, PEs are strongest when accuracy is 
low and precision of the prediction is high (Greve et al., 2017; Henson & 
Gagnepain, 2010). In real-life cognition, predictions vary widely not 
only in accuracy but also in precision: they can stem from detailed and 
specific episodic memories (Haque et al., 2020; Liedtke et al., 2026; 
Nolden et al., 2025; Stawarczyk et al., 2020) or from more abstract and 
general rules and schemas (Frank et al., 2020; Kalbe & Schwabe, 2020; 
Pupillo et al., 2023; Zöllner et al., 2022). While it has been shown that 
the interplay between prediction precision and accuracy shapes memory 
outcomes (Boeltzig, Liedtke, & Schubotz, 2025; Boeltzig, Liedtke, Sies
trup, et al., 2025), how they influence model updating and latent cause 
inference is hitherto unclear.

To directly compare neural signatures and consequences of memory 
updating and new latent cause inference and examine the influence of 
prediction precision in the process, the present study therefore orthog
onally manipulated both prediction precision (low-precision vs. high- 
precision) and accuracy (PEs occurring within- vs. across-cause, i.e. 
leading to the inference of a new latent cause or not).

Imagine that you are at a dinner party and witness a conversation 
between two people you do not know (Fig. 1). Once one guest asks 
another about their profession, your brain will automatically form low- 
precision and unspecific predictions, clustered around possible jobs. The 
response that the person is a teacher will therefore confirm a vague 
prediction, situated within the same latent cause, thus eliciting a low- 
precision

within-cause PE. However, if the response was that the finger food is 
excellent, this would not have been even vaguely predicted: the person 
might have changed topics or talked to somebody else. This low-precision 
across-cause PE would trigger new latent cause inference, and thus shift 
models (e.g., from professions to food). To examine new latent cause 
inference after low-precision predictions, we contrasted these smaller 
within-cause (stemming from the same predictive model) and larger 
across-cause (inducing a change in models) PEs with each other in the 
analysis.

Low-precision predictions give way to high-precision ones if you 
have already encoded an episodic memory where the person talks about 
being a teacher. If they however get asked the same question again by 
another person and now respond that they are a musician, this would be 
unpredicted. Nevertheless, this high-precision within-cause PE should 
trigger model updating instead of new latent cause inference as the new 
information can be integrated into the previous memory: the person 
could well be a teacher and a musician. If the strong prediction that the 
person is a teacher clashes with the statement about the finger food, this 
high-precision across-cause PE should again trigger new latent cause 
inference. We contrasted both high-precision PEs with a situation where 
high-precision predictions are exactly confirmed (no PE) and also 
compared them to each other.

In terms of neural signatures, we predicted that low-precision across- 
cause, high-precision across-cause, and high-precision within-cause PEs 
would elicit activity in the inferior frontal gyrus, which is robustly 
implicated in processing of PEs across domains (El-Sourani et al., 2020; 
Fujitani et al., 2024; Jainta et al., 2022; Schliephake et al., 2021), and 
the superior temporal gyrus and sulcus, with their role in high-level 
semantic processing and responding to structural PEs in complex nar
ratives (Liebenthal et al., 2014; Liedtke et al., 2025; Siestrup & Schu
botz, 2023). Model updating after high-precision within-cause PEs, 
compared to new latent cause inference, is a more cognitively 
demanding process where novel input needs to be integrated into 
existing models, which we expected to be reflected in more frontal 
activation. In particular, we expected BA9 to be more active, which has 
previously been implicated in integrating novel and unexpected state
ments into a coherent causal situation model (Ferstl et al., 2005; Ferstl & 
Cramon, 2001).

Turning to the consequences of the PEs, we predicted better memory 
for novel information, as well as less original forgetting after larger PEs, 
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so after across-cause compared to within-cause PEs (Boeltzig, Liedtke, & 
Schubotz, 2025; Boeltzig, Liedtke, Siestrup, et al., 2025; Liedtke et al., 
2025). Additionally, the latent cause separation triggered by 
low-precision across-cause PEs should lead to the parts of these stimuli 
being represented more separately, as they are deemed less connected 
and therefore less relevant to each other, compared to low-precision 
within-cause PEs. This is akin to an event segmentation process, 
where continuous experience is parsed into meaningful units (Nolden 
et al., 2024; Zacks & Swallow, 2007), which can be triggered by new 
latent cause inference (Gershman et al., 2017). Lastly, we assessed 
reactive reinstatement, reflecting the retrieval of previously encoded 
original versions of a stimulus while a new mismatching one is pro
cessed. We predicted that during high-precision across-cause PEs, such 
reinstatement is stronger than during high-precision within-cause PEs, 
reflecting more top-down activity.

2. Methods

2.1. Participants

Participants were recruited in the student community of the Uni
versity of Münster. Only right-handed native German-speaking adults 

with normal or corrected-to-normal vision and hearing, no current 
psychological illness, and meeting all requirements to enter an MRI 
scanner could participate. They were compensated with course credit or 
money.

After exclusion of two participants with excessive movement in the 
scanner and one participant failing to reach above-chance levels on the 
recognition test, the final sample size was N = 44. In a previous similar 
study (Boeltzig, Liedtke, Siestrup, et al., 2025; Liedtke et al., 2025), we 
had included 42 participants, which was therefore the minimal 
requirement for the present study as well. Mean age in the final sample 
was 22.61 (SD = 3.40, range: 18 – 32), and there were 33 women, eight 
men, and three diverse participants. All but one participant were stu
dents. All participants gave written informed consent after being briefed 
on their rights. The Ethics Committee of the Faculty of Psychology and 
Sports Science at the University of Münster approved the study 
procedure.

2.2. Design

We manipulated two orthogonal dimensions to produce the four 
situations described in the Introduction and depicted in Fig. 1. PE pre
cision was varied through familiarity to the material: When a given 

Figure 1. Schematic depiction of the PEs under study.
Note. By manipulating the two dimensions prediction precision and accuracy, we evoked four PEs, and a no PE condition. This figure illustrates them in a con
versation where one person asks about the job of another (left speech bubble; A), allowing the formation of predictions (in the thought bubble), which is then 
compared to the answer (right speech bubble). Low-precision predictions (B, C, D) are made at the first exposure to a novel stimulus, based on several relevant 
episodic memories and semantic knowledge. Predictions are high-precision (B) when there is already an episodic memory that can be used for prediction. Within- 
cause PEs arise when the response of the person is within the predictable, so pertaining to the currently active latent cause (B or C). Across-cause PEs arise when a 
new latent cause has to be inferred, as the response is highly unpredicted within the situation (E).
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stimulus was presented for the first time, participants could make only 
low-precision predictions, and when the stimulus was already familiar 
(at third exposure) predictions were high-precision. To induce truly 
high-precision predictions, dialogues were played in their original form 
twice to allow solid encoding. The second exposure to the dialogues was 
not investigated in the comparison of neural signatures of the PEs in the 
manuscript, but is reported in the Supplement. PE accuracy was 
manipulated within the stimulus material, with dialogues being pre
sented either in a coherent version, where two statements were logically 
related, or an incoherent version where they were not (see 2.3 Material). 
Additionally, there was a no PE condition with stimuli that were never 
altered.

2.3. Material

For this study, we adapted 60 previously used naturalistic dialogues 
between two speakers, discussing topics and events likely to resonate 
with a student sample (Boeltzig, Liedtke, & Schubotz, 2025; Boeltzig, 
Liedtke, Siestrup, et al., 2025; Liedtke et al., 2025). One example is 
provided in Fig. 2A, four additional examples can be found in the Sup
plementary Materials S1, and the full transcribed material is available 
on OSF, along with one sample of the auditory stimuli that participants 
were exposed to (https://osf.io/mgu49/overview?view_only=1af 
278283f49433d8de09f566a2dff97). The dialogues were recorded by 
20 professional speakers and paired with a unique background sound. 
For this study, the dialogues were shortened so that they consisted of 
two parts. The cue consisted of one or more sentences by one speaker, 

Figure 2. Experimental Procedure.
Note. A. Dialogues were comprised of two statements, one by each speaker. The statement of the first speaker, the cue, was always the same, but there were four 
alternative targets. Two of these targets were coherent with the cue, directly responding to it. Two targets were incoherent, not directly responding to the cue, 
inducing new latent cause inference. In addition to the provided translated sample dialogue, there are more examples in the Supplementary Materials S1 and on OSF. 
B. There were six types of dialogue histories throughout the experiment. Dialogues were always played twice in an original version that could be either coherent or 
incoherent. Originally coherent dialogues were believed to induce low-precision within-cause PEs, and originally incoherent dialogues induced low-precision across- 
cause PEs, and therefore new latent cause inference. A third of all dialogues (two leftmost columns) were not changed, but instead played again in their original form 
at the third exposure, so that the original and mismatch versions were identical. The other two thirds of dialogues were changed, again either being coherent or 
incoherent. Thus, at third exposure, high-precision within-cause PEs were evoked by a change to a novel but coherent dialogue version, and high-precision across- 
cause PEs were induced by a novel incoherent version. C. Encoding trials started with a jittered fixation cross, followed by the presentation of a dialogue, during 
which a fixation cross stayed on the screen. After one third of trials (once for each dialogue), a word was displayed and participants had to respond whether the word 
was said in the dialogue. Each dialogue was played three times, interleaved with a variable number of other dialogues, and two thirds of dialogues were modified 
upon third exposure. D. The memory test comprised one trial for the unchanging dialogues, and two trials for the two versions of the changing dialogues. After a 
fixation cross, the cue was presented auditorily. After another fixation cross, two written options were presented, and participants had to choose which one was 
actually said in response to the cue. The other option was a similar lure. Participants also rated confidence in their choice and indicated whether the just-probed 
version was the first, second, or only one they had heard of that specific dialogue.
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and the target comprised one or more sentences by another. Crucially, 
while the cue always stayed the same, the targets could be exchanged, 
producing four dialogue versions. All four targets matched to a given cue 
involved the same speaker so that a mismatch would not be produced 
based on a different voice.

Coherence of the dialogues was manipulated in order to evoke 
across-cause PEs. Two versions of the dialogue were coherent: Here, the 
target was a direct and logical response to the cue. The two coherent 
versions however differed in meaning; for instance, the speaker would 
agree in one, but disagree in the other coherent target. Additionally, 
there were two incoherent versions, where the target was not a logical 
response to the cue – prompting new latent cause inference. We 
attempted to avoid any connection between cues and incoherent targets 
as well as between the two incoherent targets for the same dialogue. The 
mean duration of the cues was 4.50 seconds (range: 2s – 8s), and of the 
targets 9.20 seconds (range: 5s – 15s).

One third of the dialogues was never changed during the experiment 
and thus played in the same version three times. The other two thirds of 
dialogues were presented in an original form twice, and then changed 
upon the third exposure, meaning that a different target was played in 
response to the same cue. Half of the dialogues initially had a coherent 
original, the other half had an incoherent original. Within the changing 
dialogues, half of each group then had a coherent mismatch (i.e., new 
version), and the other half an incoherent mismatch. There were 
therefore six dialogue types (Fig. 2B): (1) unchanging coherent, (2) 
unchanging incoherent, (3) coherent original, coherent (but new) 
mismatch, (4) incoherent original, coherent mismatch, (5) coherent 
original, incoherent mismatch, (6) incoherent original, incoherent (but 
new) mismatch. There were ten dialogues in each of these conditions. 
Note that which of the two coherent or incoherent targets would be the 
original and which one the mismatch version was counterbalanced 
across participants. Assignment of dialogues to conditions was also 
counterbalanced.

For the memory test in Session 2, similar lures were produced to be 
presented in written form alongside the actual statement from the 
recorded dialogue. To that end, one word or short phrase in the original 
version was substituted by a synonymous word or short phrase. High 
similarity between real target and lure was ensured using Sentence BERT 
(Reimers & Gurevych, 2019) and all statement pairs had semantic 
similarity scores lower than .99, but higher than .90. These values had 
no statistically significant impact on recognition performance.

2.4. Procedure

The study was conducted in two sessions, with Session 2 taking place 
two days after Session 1. Session 1 was conducted in the MRI scanner 
and was dedicated to encoding and modifying the material, inducing PEs 
both at first encoding and when a familiar dialogue was changed. Ses
sion 2 was purely behavioural and comprised the memory test. The 
sessions lasted around 75 and 45 minutes, respectively.

In Session 1 (Fig. 2C), participants were told that we were interested 
in how people perceive conversations and were asked to listen to the 
dialogues carefully, and to imagine the scene in which they happened. 
There was no explicit encoding instruction. After self-adjustment of the 
volume during an EPI sequence and two practice trials, participants 
listened to the dialogues in the MRI scanner. The task was divided into 
six blocks, each of them comprising 30 dialogues. After one third of the 
dialogues (once for each dialogue across its three exposures), there was a 
cover task in which participants were asked whether a certain word had 
occurred in the dialogue, to which they responded with a button press 
(4s time limit). After each block, feedback about the percentage of 
correct responses was provided to increase motivation.

Each dialogue was played three times, while the changing dialogues 
were altered upon the third exposure. The material was arranged in an 
auditory stream so that new dialogues were continuously introduced, 
the crucial third exposure was spaced out across the whole experiment, 

and a variable number (M = 37.44, SD = 18.36, range: 7-94) of other 
dialogues was placed between any two exposures to the same one.

The trials themselves consisted of a jittered fixation cross (2 – 3.5s), 
the exposure to the dialogue while a fixation cross remained on the 
screen, and then either the cover task or the next trial.

Two days later, participants returned to complete a surprise memory 
test, seated at a computer (Fig. 2D). For each of the changing dialogues, 
both the original version (from the first two exposures), and the 
mismatch version (from the third exposure) were tested, while for the 
unchanging dialogues, only the one original version was tested, leading 
to a total of 100 trials. Whether original or mismatch version of a dia
logue was tested first was counterbalanced across dialogues and the two 
related trials of the changing dialogues were spread out across different 
blocks. Participants were informed that some dialogues would be tested 
twice, reflecting the different versions that they had heard. The task was 
divided into four blocks, with a short break after each one.

In each trial, after a fixation cross (2s), participants listened to the 
cue of the dialogue, followed by a fixation cross (1s). They then saw two 
written statements on the screen, one was the original target, and the 
other was a similar lure that had not been said. Participants chose the 
correct version using the arrows on the keyboard (30s time limit) and 
location of the correct answer was pseudo-randomized. After their 
response, they indicated confidence using numbers (1 = guessing, 2 =
maybe, 3 = sure; 10s time limit). Finally, as a measure of source 
memory, they were asked to indicate whether this dialogue was the 
original version which they had heard first, the second version which 
they only heard later, or the only version of that specific dialogue (10s 
time limit). This was illustrated with an example and the experimenter 
made sure that participants understood this task.

2.5. MRI data acquisition and preprocessing

Session 1 was conducted in a 3-Tesla Siemens Magnetom Prisma MR 
tomograph with a 20-channel head coil. Participants were placed supine 
on the scanner bed, wearing ear plugs and over-ear headphones, with 
cushions around the head to avoid movement. Responses to the cover 
task were given using the right index and middle finger on a button box.

First, we acquired a high-resolution T1-weighted anatomical image 
using a 3-D magnetization rapid gradient echo sequence (192 slices of 
1mm, repetition time = 2140ms, echo time = 2.28 ms, flip angle = 8◦, 
field of view = 256 × 256 mm2). Afterwards, during the task, functional 
images were obtained along the AC-PC plane in interleaved order using a 
gradient-echo planar imaging sequence (33 slices of 3mm, repetition 
time = 2000ms, echo time = 30 ms, flip angle = 90◦, field of view = 192 
× 192 mm2).

The resulting data was pre-processed with SPM 12 (Wellcome Trust) 
in MatLab. We applied slice time correction to the middle slice, move
ment correction and realignment to the mean function image, co- 
registration of structural and functional images, normalization of all 
images to Montreal Neurological Institute (MNI) space, and a temporal 
high-pass filter of 128s to remove low-frequency noise from the time 
series. For the univariate analysis, we also applied spatial smoothing 
with a Gaussian kernel of 8mm. For the representational similarity 
analysis (RSA), we followed the recommendation not to apply smooth
ing if regions like the hippocampus are among the ROIs 
(Dimsdale-Zucker & Ranganath, 2018; Weaverdyck et al., 2020).

2.6. Behavioural data analysis

First, we tested whether any covariates arising from the procedure 
influenced recognition performance. Age, gender, sleep duration, 
guessing the intention of the experiment, serial position of dialogues, 
cover task performance, test order (original vs mismatch first), semantic 
similarity between target and lure, and duration of the cue did not 
significantly predict recognition performance (see Supplementary Ma
terials S2) and where therefore not controlled for in further analyses.
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For the behavioural data analysis, we first tested how coherence 
generally affected memory, comparing the unchanging coherent and 
incoherent dialogues. Finally, using only changing dialogues, we tested 
the effect of the PEs of interest on memory. In the models for memory for 
the original and mismatch versions, coherence of both original and 
mismatch were allowed to interact. All of these analyses were conducted 
separately for recognition memory, and confidence and source memory 
for only correct recognition responses. Linear mixed models were used, 
including participants and dialogues as random intercepts. All analyses 
were carried out in R (R Core Team, 2025) with tidyverse (Wickham 
et al., 2019), using the lme4 (Bates et al., 2015) and lmerTest (Kuznetsova 
et al., 2017) packages for linear mixed models.

2.7. Univariate MRI analysis

The univariate analyses were set up using generalized linear models 
(GLMs) in SPM12 and always included the six rigid-body transformation 
from spatial realignment. They were convolved with a canonical he
modynamic response function in SPM12. A normalized individual grey 
matter mask that was smoothed at 8mm and thresholded at 0.2 was 
applied on the first level and t-contrasts were calculated between rele
vant conditions (see below). On the second level, one-sample t-tests were 
used across participants. An FDR-correction of p < .005 was used. All 
relevant regressors were modelled as epochs comprising the whole 
target.

We ran two models, which were different in that only the first model 
always accounted for dialogue history, so the coherence at first expo
sure, even when modelling responses to induced PEs at the third expo
sure. In addition to button presses in response to the cover task, we 
modelled (1) low-precision within-cause PE (i.e., first exposure to 
coherent dialogues), (2) low-precision across-cause PE (i.e., first expo
sure to incoherent dialogues), (3) second exposure to coherent di
alogues, (4) second exposure to incoherent dialogues, (5) high-precision 
within-cause PE (i.e., third exposure to a dialogue with a novel coherent 
target) after originals had been coherent, (6) high-precision within- 
cause PE (i.e., third exposure to a dialogue with a novel coherent target) 
after originals had been incoherent, (7) high-precision across-cause PE 
(i.e., third exposure to a dialogue with a novel incoherent target) after 
originals had been coherent, (8) high-precision across-cause PE (i.e., 
third exposure to a dialogue with a novel incoherent target) after orig
inals had been incoherent, (9) no PE (i.e., third exposure to unchanging 
dialogue) with coherent originals, (10) no PE (i.e., third exposure to 
unchanging dialogue) with incoherent originals.

Contrasts between incoherent and coherent dialogues at each time 
point and within each PE showed that those evoked significantly 
different brain regions at first and second exposure, but not anymore at 
third exposure (FDR-corrected ps > .005). This was true both for the 
unchanged dialogues, and for the dialogues that were changed to evoke 
high-precision PEs.

Due to this lack of differences, we therefore ran a simplified model 
which is reported in the manuscript. In this model, the dialogue history 
is not distinguished at third exposure. In addition to the button press 
during the cover task, we therefore modelled (1) low-precision within- 
cause PE (i.e., first exposure to coherent dialogues), (2) low-precision 
across-cause PE (i.e., first exposure to incoherent dialogues), (3) sec
ond exposure to coherent dialogues, (4) second exposure to incoherent 
dialogues, all of which were also part of the first model. Additionally, we 
modelled (5) high-precision within-cause PEs (i.e., third exposure to a 
dialogue with a novel coherent target), (6) high-precision across-cause 
PEs (i.e., third exposure to a dialogue with a novel incoherent target), 
and (7) no PE (i.e., third exposure to unchanging dialogue). These three 
latter regressors were collapsed across originally coherent and inco
herent dialogues.

We report results from four contrasts in the manuscript. First, the 
contrast low-precision across-cause PE > low-precision within-cause PE 
compared coherent and incoherent dialogues at first exposure. Second, 

high-precision within-cause PE > no PE compared dialogues modified 
with a new and coherent target at third exposure with those dialogues 
that were played in the original form for a third time. Third, high- 
precision across-cause PE > no PE compared dialogues with a new but 
incoherent target with the unchanged dialogues already used in the 
previous contrast. Fourth and last, the contrast high-precision within- 
cause PE > high-precision across-cause PE was tested as a direct com
parison between the two high-precision PEs induced at third exposure. 
Additionally, in the Supplementary Materials S3, we report activity 
during the second exposure to the original dialogues, contrasting 
coherent and incoherent dialogues.

2.8. Representational similarity analysis

In addition to the univariate analysis, we conducted Representa
tional Similarity Analysis (RSA). To that end, we specified a GLM in 
which each cue and each target from each dialogue exposition consti
tuted its own regressor, modelled as an epoch. This was then used to 
conduct RSA using the CosmoMVPA toolbox (Oosterhof et al., 2016), in 
which each beta image was correlated with all others, while applying 
demeaning, producing a 360 × 360 Pearson correlation matrix. This was 
done separately for the whole brain, but also for the regions of interest 
hippocampus and inferior frontal gyrus (IFG) comprising the pars 
opercularis, pars orbitalis, and pars triangularis. These ROIs were ob
tained by applying the Freesurfer (Fischl, 2012) parcellation to the MNI 
standard brain.

In the resulting similarity matrices, we extracted the pre-specified 
correlations of interest (see below). We then corrected the correlations 
by subtracting the baseline similarity from them. For instance, for the 
measure of pattern separation, where the target from the first exposure 
was correlated with the cue from the second exposure within a given 
dialogue, we subtracted from that value the mean of correlations of the 
same target with all other cues at second exposure, as well as the same 
cue with all the other targets at first exposure (Boeltzig, Liedtke, Sies
trup, et al., 2025).

We thus extracted three representational similarities of interest. 
First, we measured how similarly the cues and targets of each dialogue 
were represented the first time that participants listened to them. We 
used this as a measure of coherence, assuming that coherent dialogues 
should have higher neural similarity between cue and target than 
incoherent dialogues. This measure was therefore used as a manipula
tion check.

Second, we investigated whether new latent cause inference would 
induce pattern separation between cues and targets, which was tested 
for the low-precision PEs induced at first exposure. Specifically, we 
tested whether after across-cause PEs, inducing new latent cause infer
ence, the targets would be less used for prediction when the same 
stimulus was played next (at second exposure). Less use for prediction 
would indicate a less integrated and more separated way of representing 
cue and target, which would be deemed less relevant for each other. This 
use for prediction was tapped by correlating the targets from the first 
exposure with the cue of the second exposure. Due to the implication of 
the inferior frontal gyrus (IFG) in holding a predictive model (Fujitani 
et al., 2024), this analysis was carried out for this ROI in addition to the 
whole brain.

Third, while the previous measure reflects the predictive reinstate
ment of a dialogue target, we also analysed original reactivation at 
mismatch, reflecting a reactive reinstatement in response to the detec
tion of a PE. This reactivation was operationalized as the similarity 
between the original target from the second exposure and the mismatch 
target from the third exposure. While this similarity reflects basic 
perceptual similarity, it also captures additional retrieval of the original 
version while a new and mismatching version is processed (Boeltzig, 
Liedtke, Siestrup, et al., 2025). We tested whether this reactivation 
would be stronger when new mismatching information caused an 
across-cause PE, using the hippocampus as the ROI.
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Linear mixed models were used to test these hypotheses. For initial 
coherence and pattern separation induced by low-precision PEs, only 
coherence of the original dialogue entered the model. For original 
reactivation, the coherences of the original and new mismatching di
alogues were modelled. In all cases, participants and dialogues were 
added as random intercepts.

3. Results

3.1. Manipulation check and overall performance

The RSA confirmed that the dialogues that we had constructed as 
incoherent were less similarly represented than coherent dialogues. 
Specifically, upon first exposure, cue and target were represented less 
similarly for incoherent than coherent dialogues in the whole brain, 
hippocampus, and inferior frontal gyrus (βs > .33, ps < .001). We 
therefore assumed that material construction was successful.

Performance on the cover task was good, indicating high levels of 
attention (M = .85, SD = .08, range: .65 – 1). Recognition performance 
generally was robust, and all participants performed significantly above 
chance (M = .71, SD = .06, range: .60 - .84). Source recognition, where 
guessing probability was at 33%, was expectedly lower and more mixed 
(M = .48, SD = .11, range: .29 - .77).

3.2. Processing of PEs

To compare neural processes at new latent cause inference with 
model updating, we ran univariate brain analyses, using the four PEs 
created by the experimental design.

3.2.1. PEs after low-precision predictions
Firstly, we contrasted the two low-precision PEs with each other by 

comparing activity at the first exposure to incoherent dialogues (low- 
precision across-cause PEs) with activity at the first exposure to coherent 
dialogues (low-precision within-cause PEs). Given that the dialogues 
were novel at this time point, predictions were low-precision. After 
across-cause PEs (incoherent dialogues), new latent cause inference 
should take place, while within-cause PEs should support the vague 
prediction and were therefore used as the baseline here.

This contrast (Table 1 and Fig. 3A) revealed activation in the bilat
eral inferior frontal gyrus (IFG), and in the left anterior dorsal insula. 
Additionally, there were significant clusters in the bilaterial pre- 
supplementary motor area, left dorsal premotor cortex, and the right 
posterior middle frontal gyrus. In the temporal lobe, we found signifi
cant clusters in the bilateral superior temporal sulcus and gyrus (STS/ 
STG). Additionally, there was activity in the right intraparietal sulcus, 
the right tempo-parietal junction, the bilateral posterior dorsal pre
cuneus, and the left cerebellum (Crus 2).

A subset of these regions was still activated when the incoherent 
dialogues were played the second time. These results can be found in the 
Supplementary Materials S3.

3.2.2. High-precision across-cause PEs
Next, high-precision across-cause PEs were compared to a lack of 

PEs. Both were modelled at third exposure, where a new target was 
introduced and incoherent with the cue; or, in the no PE condition, the 
original dialogue was played for a third time in its unaltered original. In 
both cases, precise predictions could be made based on the previous 
exposure to the dialogue. Unexpected and incoherent input, however, 
would cause new latent cause inference.

Interestingly, these PEs only activated a subset of regions that 
responded to the low-precision across-cause PE. There was bilateral 
activation in the IFG, and in the bilateral STS/STG, as well as in the left 
cerebellar Crus 2 (Table 2 and Fig. 3C).

3.2.3. High-precision within-cause PEs
Lastly, high-precision within-cause PEs were compared to the no PE 

condition. Both were situated at the third exposure, where a new target 
was introduced and coherent with the cue; or, in the no PE condition, the 
original dialogue was played for a third time in its unaltered original. 
Again, precise predictions were possible here based on previous famil
iarity to the material. The new and unpredicted input, still being 
coherent with the prediction, should cause model updating instead of 
new latent cause inference.

This analysis revealed large-scale activity, which was partly over
lapping with the low-precision across-cause PEs (Table 3 and Fig. 3B). 
Specifically, there was activation in the right IFG, the left posterior 
medial frontal gyrus, widespread activity in the bilateral STG, and in the 
bilateral Crus 2 in the cerebellum. There was also activity in the bilateral 
precuneus, but in comparison to the low-precision across-cause PEs, the 
cluster was located more ventrally. Additionally, unique clusters not 
seen in other PEs were observed in the bilateral vmPFC, the left medial 
and superior frontal gyrus (corresponding to BA 9 and 8), the left su
perior colliculus, and the left caudate.

3.2.4. High-precision within-cause PEs vs High-precision across-cause PEs
We also compared the two PEs at third exposure after high-precision 

predictions to directly observe differences between new latent cause 
inference and model updating. Interestingly, the high-precision across- 
cause PEs, where we assumed the inference of a new underlying latent 
cause, did not reveal any significant clusters. High-precision within- 
cause PEs, on the other hand, evoked higher activity in the bilateral A1 
(Heschl’s gyrus), the bilateral superior frontal gyrus (BA9), the left 
middle frontal gyrus, as well as the left angular gyrus and left middle 
temporal gyrus (Table 3, Fig. 3D).

3.3. Consequences of PEs

After establishing the neural signatures of the PEs of interest, we 
specifically focused on their representational and mnemonic 

Table 1 
Low-precision across-cause PE > High-precision across-cause PE.

MNI Coordinates

Localization Cluster H Cluster 
Extent

x y z t

Inferior Frontal Gyrus 
(BA 45)

1 R lm 45 35 -4 7.04

Inferior Frontal Gyrus 
(BA 44)

1 R lm 51 23 26 6.34

Inferior Frontal Gyrus 
(BA 44) / IFS

10 L 31 -45 17 23 4.61

Anterior Dorsal Insula 3 L 119 -30 23 -1 6.65
Pre-Supplementary 

Motor Area
6 R 145 6 20 53 5.72

Pre-Supplementary 
Motor Area

6 L lm -9 11 50 4.25

Posterior Middle Frontal 
Gyrus

1 R 998 36 8 35 9.36

Dorsal Premotor Cortex 11 L 25 -42 2 59 4.58
Anterior Superior 

Temporal Sulcus
9 R 69 51 -4 -19 4.97

Posterior Middle 
Temporal Gyrus

2 R lm 66 -43 5 6.66

Temporoparietal 
Junction

2 R 459 48 -46 26 6.84

Posterior Superior 
Temporal Sulcus / 
Gyrus

7 L 77 -63 -52 17 5.43

Intraparietal Sulcus 8 R 106 36 -55 44 5.06
Posterior Dorsal 

Precuneus
5 R 208 9 -61 41 5.83

Posterior Dorsal 
Precuneus

5 L lm -3 -61 41 5.12

Cerebellum (Crus 2) 4 L 143 -12 -79 -37 6.50
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consequences.

3.3.1. The effect of low-precision PEs on integrated representations
We hypothesized that the inference of a new underlying latent cause 

within a dialogue, as evident in low-precision across-cause PEs, but not 
low-precision within-cause PEs, would leave the cue and target of these 
dialogues representationally more separated instead of integrated. 
Consequently, and reflecting the lower relevance to the cue, the targets 
should be predicted less strongly when these dialogues are played again. 
To test this, we extracted the representational similarity between the 
target from the first exposure, where either an across-cause (incoherent 
dialogues) or within-cause (coherent dialogues) PE was induced, and the 
cue on the subsequent second exposure. This analysis therefore tapped 
the immediate effect of these PEs on representational structure.

Compared to low-precision across-cause PEs, low-precision within- 
cause PEs yielded higher similarity between the target at first exposure 
and cue at second exposure in the whole-brain ROI (β = .10, SE = .01, p 
= .013). In the IFG, this was short of significance (β = .07, SE = .01, p =
.079). As higher pattern similarity corresponded to higher prediction 

Figure 3. Whole-brain activation for direct contrasts of all PEs.
Note. A. Low-precision across-cause and low-precision within-cause PEs were compared by contrasting incoherent and coherent dialogues at first exposure. B. To test 
high-precision within-cause PEs, dialogues that were modified at third exposure with a coherent target were compared to unchanging dialogues at third exposure. C. 
Dialogues that were modified at third exposure using an incoherent target were compared to unchanging dialogues at the third exposure to assess high-precision 
across-cause PEs. D. High-precision within-cause PEs and high-precision across-cause PEs were directly compared as well. The opposite contrast yielded no sig
nificant clusters. TPJ = temporoparietal junction, MFG = middle frontal gyrus, IFG = inferior frontal gyrus, STS = superior temporal sulcus, adINS = anterior dorsal 
insula, STG = superior temporal gyrus, vPCUN = ventral precuneus, vmPFC = ventromedial prefrontal cortex.

Table 2 
High-precision across-cause PE > No PE.

MNI Coordinates

Localization Cluster H Cluster 
Extent

x y z t

Inferior Frontal Gyrus 
(BA 44)

4 L 49 -57 17 20 4.94

Inferior Frontal Gyrus 
(BA 45)

5 R 158 54 29 8 4.88

Anterior Superior 
Temporal Gyrus

1 L 869 -54 -10 -10 9.06

Anterior Superior 
Temporal Gyrus

2 R 808 51 -1 -19 8.79

Superior Temporal 
Sulcus

1 L lm -51 -43 5 6.53

Superior Temporal 
Sulcus / Gyrus

2 R lm 51 -25 -4 6.66

Cerebellum (Crus 2) 3 L 39 -18 -79 -37 5.77
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strength, the hypothesis that new latent cause separation evoked by low- 
precision across-cause PEs was supported on the whole-brain level.

3.3.2. Original Reactivation during high-precision PEs
We also predicted that during high-precision across-cause PEs, 

compared to high-precision within-cause PEs, the originally encoded 
version would be reactivated more strongly. This would reflect a search 
for a more appropriate (i.e., belong to the same latent cause) continu
ation of the stimulus. We therefore extracted the representational sim
ilarity between the target from the original dialogues (second exposure) 
and the target from the mismatch dialogues (third exposure) in the 
hippocampus.

In line with this prediction, the original targets were reactivated 
more strongly during high-precision across-cause PEs compared to high- 
precision within-cause PEs – so when incoming new input was inco
herent (β = .14, SE = .01, p = .035). This was regardless of whether the 
original version had induced a within- or across-cause PE (β = .12, SE =
.01, p = .075; interaction: β = .11, SE = .02, p = .249).

3.3.3. Effects of PEs on memory
To assess the effects of the PEs on memory, we turned to the 

behavioural data and analysed recognition memory, as well as confi
dence and source memory for correct responses, depending on coher
ence of both the original and the mismatch version.

To first establish whether low-precision PEs at first exposure gener
ally influenced memory, we focused on those dialogues that were never 
changed. Interestingly, there was no evidence that dialogues with and 
without a low-precision PE at first exposure were remembered differ
ently well (β = .31, SE = .16, p = .062). However, both confidence (β =
.37, SE = .05, p < .001) and source memory (β = .73, SE = .17, p < .001) 
was better for coherent dialogues, pointing to an advantage for di
alogues with a low-precision within-cause PE, compared to a low- 
precision across-cause PE.

Next, we separately tested memory for the original and the mismatch 
version. In both cases, we tested whether recognition memory was 
influenced by coherence of both the original (low-precision PEs) and the 
mismatch version (high-precision PEs), as well as their interaction.

Memory for the original version (Fig. 4A), so the version that par
ticipants heard during the first two exposures to each dialogue, was not 
affected by coherence of the original or the mismatch, nor by their 
interaction (ps > .173). There was therefore no effect of high-precision 
or low-precision PEs. However, confidence for original recognition 
was higher when this original version was coherent, so after low- 
precision within-cause, compared to low-precision across-cause PEs (β 
= .38, SE = .05, p < .001), while coherence of the mismatch version did 
not gain significance (ps > .380). Interestingly, source memory for the 
original memory was higher when the mismatch version was coherent 
and therefore enhanced after high-precision within-cause, compared to 
high-precision across-cause PEs (β = .41, SE = .17, p = .017) – regardless 
of whether the original itself was coherent or not and with no interaction 
(ps > .451).

For the mismatch version (Fig. 4B), which was introduced upon the 
third exposure to induce a high-precision PE, recognition memory was 
once again not affected by any high-precision or low-precision PEs (ps >
.253). However, confidence and source memory for correct responses 
showed parallel effects to original memory. Specifically, mismatch tar
gets were recognised more confidently when those mismatch targets 
were coherent, so after high-precision within-cause PEs (β = .53, SE =
.06, p < .001).

Additionally, source memory for the mismatch version was higher 
when the original version had been coherent, so after low-precision 
within-cause PEs compared to low-precision across-cause PEs (β = .37, 
SE = .18, p = .035), regardless of whether the mismatch version itself 
was coherent or not and with no interaction (ps > .156).

4. Discussion

According to Latent Cause Theory (Gershman et al., 2017), predic
tion errors (PEs) can trigger either the updating of an existing model 
with new, unpredicted information if the PE is moderate or, if the PE is 
large, the inference of a new latent cause, prompting a switch to a new 
model. The current study, using functional univariate analyses as well as 
representational similarity analysis, found that these two outcomes 
differ systematically in terms of neural signatures and representational 
and mnemonic consequences, which also depend on the precision of the 
prediction available when the PE occurs. Across all PE conditions, a 
common network involving inferior frontal, temporal, and cerebellar 
regions responded robustly to mismatching input. If the mismatching 
information could be accommodated within the currently active model, 
the system additionally engaged frontal midline regions to support 
model updating. If the mismatch instead rendered the current model 
untenable, a new latent cause was inferred without additional prefrontal 
control. This inference, however, unfolded differently depending on the 
precision of the underlying predictions: breaches of low-precision pre
dictions led to a broad bottom-up processing of new information, which 

Table 3 
High-precision within-cause PEs.

MNI Coordinates

Localization Cluster H Cluster 
Extent

x y z t

High-precision within-cause PE > No PE
Medial Frontal Gyrus 

(BA 9)
3 L 754 -9 47 47 7.97

Superior Frontal Gyrus 
(BA8)

3 L lm -9 38 50 7.14

Inferior Frontal Gyrus 
(BA 45)

6 R 232 54 32 -4 6.07

Posterior Medial 
Frontal Gyrus 
(dorsal premotor 
cortex)

9 L 35 -39 2 53 4.89

Ventromedial 
prefrontal cortex

10 L 32 -3 47 -16 4.26

Ventromedial 
prefrontal cortex

10 R lm 6 47 -16 4.21

Anterior Superior 
Temporal Gyrus

1 L 1852 -57 -10 -10 10.78

Posterior Superior 
Temporal Gyrus

1 L lm -54 -40 2 9.47

Temporal Pole 2 R 1082 48 14 -25 9.05
Superior Temporal 

Gyrus
2 R lm 57 -25 2 7.88

Anterior Superior 
Temporal Gyrus

2 R lm 51 -4 -19 7.12

Temporoparietal 
Junction

1 L lm -57 -64 26 8.50

Temporoparietal 
Junction

2 R lm 54 -55 26 5.23

Ventral Precuneus 8 LR 143 0 -55 35 5.19
Cerebellum (Crus 2) 4 L 172 -24 -82 -37 7.36
Cerebellum (Crus 2) 5 R 240 27 -79 -34 7.09
Superior Colliculus 7 L 30 -3 -31 -4 5.31
Caudate 9 L 29 -12 8 14 5.05
High-precision within-cause PE > High-precision across-cause PE
Heschl’s Gyrus (A1) 1 R 141 48 -16 8 6.56
Heschl’s Gyrus (A1) 3 L 195 -48 -19 5 5.94
Angular Gyrus 2 L 303 -45 -61 41 6.44
Superior Frontal Gyrus 

(BA 9)
4 L 388 -12 23 62 5.72

Superior Frontal Gyrus 
(BA 9)

4 L lm -15 44 41 5.66

Superior Frontal Gyrus 
(BA9)

6 R 22 9 35 59 5.11

Posterior Middle 
Frontal Gyrus

4 L lm -42 17 44 5.42

Middle Temporal 
Gyrus

5 L 46 -63 -37 -4 5.31
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was encoded separately from its context, reflecting the inference of a 
new latent cause. In contrast, breaches of specific predictions based on 
previously encoded episodic memories led to concurrent reinstatement 
of the prediction instead of bottom-up information gathering.

4.1. General PE response

Before discussing differences between the PEs evoked in the current 
study, we focus on their commonalities as three regions robustly 
responded to all PEs, namely IFG, STG/STS, and Crus 2. First, the IFG is 
involved in PE processing across tasks and contexts (El-Sourani et al., 
2020; Li et al., 2019; Schliephake et al., 2021; Wurm & Schubotz, 2012), 
including episodic PEs (Jainta et al., 2024; Liedtke et al., 2025; Siestrup 
et al., 2023). Specifically, the IFG may hold the predictive model that 
will then be compared to reality (Boeltzig, Liedtke, Siestrup, et al., 2025; 
Fujitani et al., 2024; Liedtke et al., 2025; Sherman et al., 2016). Second, 
the STG and STS are highly relevant for language processing 
(Bhaya-Grossman & Chang, 2021) and auditory PEs (Schlossmacher 
et al., 2022) and may therefore especially have been recruited in the 
current design that used conversations as stimuli. However, the STS and 
STG also process socially relevant information (Masson & Isik, 2021), 
including speaker familiarity (Cordero et al., 2025), goals of actors 
(Shultz et al., 2011), and theory of mind (Carrington & Bailey, 2009). 
This makes this region a key hub in the updating of person impressions 
(Mende-Siedlecki et al., 2013). Finally, the left Crus 2 in the cerebellum 
has been shown to be involved in mentalizing (Overwalle et al., 2020), 
social preference predictions (Haihambo et al., 2023), and responds to 
PEs in sequences performed by others (Li et al., 2024).

Both STS/STG and Crus 2 were presumably triggered by the socially 

relevant dialogues used in the current study. Participants could form 
impressions about recurring speakers, which were continuously chal
lenged and updated. Importantly, while the role of STS/STG and Crus 2 
in socially relevant PEs and the IFG in domain-general prediction is in 
line with previous studies, the current results offer a crucial extension: 
All three regions responded to PEs that updated existing knowledge, and 
to PEs that led to the inference of a new underlying latent cause – a 
differentiation that previous studies have not made. The current study 
therefore places these areas at the centre of all PE-triggered operations 
within the context of narrative or social material.

4.2. New latent cause inference after low-precision predictions

At the first exposure to new material, participants could form only 
low-precision predictions about incoming input, based on related 
episodic memories (Liedtke et al., 2026) or schemas and semantic 
knowledge (Frank et al., 2020; Zöllner et al., 2022). If the dialogue 
involved an unpredicted change of topic (incoherent dialogues), 
necessitating the inference of a new latent cause, these low-precision 
across-cause PEs activated a large array of brain regions in addition to 
the PE-general ones discussed above (compared to low-precision with
in-cause PEs which were used as a baseline here). First, the posterior 
dorsal precuneus responded in these cases, an area previously associated 
with PEs evoked by structural changes in narratives (Siestrup et al., 
2022; Siestrup & Schubotz, 2023), but also with unexpected or novel 
social information relevant for knowledge about a person (Dungan et al., 
2016; Stanley, 2016). Similarly, the temporoparietal junction (TPJ), a 
key hub for theory of mind and updating of person knowledge 
(Mende-Siedlecki, 2018; Olsson et al., 2020) was activated.

Figure 4. Memory outcomes.
Note. A. Memory performance for original versions (played at exposures one and two), depending on whether the original (x-axis) and the mismatch version 
(coloured) are coherent or incoherent. For confidence for the original, there was an advantage for coherent over incoherent originals, while for source memory for the 
original, there was an advantage of a coherent mismatching version. B. Memory performance for mismatch versions (played at exposure three). Confidence was 
higher when the mismatch version was coherent, and source memory was better when the original version was coherent.
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This suggests that when low-precision predictions in novel and un
familiar situations are violated, across-cause PEs are highly meaningful, 
informing socially relevant person models. For instance, such across- 
cause PEs may signal that the second speaker has misunderstood the 
first, prompting an expectation of clarification, or that the exchange 
involves an unobserved third party, leading the listener to infer a 
different social configuration and informing social impressions.

The representational consequences of low-precision across-cause PEs 
are in line with this interpretation. Using representational similarity 
analysis (RSA) to compare these PEs with low-precision within-cause 
PEs, the inference of a new latent cause did separate the parts of the 
dialogue from each other representationally: When the beginning of the 
dialogue was presented again during a later exposure, its continuation 
was less strongly reinstated on the whole-brain level, and thereby less 
strongly predicted (Kim et al., 2014), compared to low-precision with
in-cause PEs. Increased representational separation between original 
and new, PE-evoking information after larger PEs has been observed 
before (Bein et al., 2023; Boeltzig, Liedtke, Siestrup, et al., 2025), and 
can enhance memory (Kuhl et al., 2010). The current study newly ties 
pattern separation, and therefore a process akin to event segmentation 
(Nolden et al., 2024; Zacks & Swallow, 2007), explicitly to latent cause 
inference. As the two statements are deemed unrelated, they appear to 
be represented almost as two separate events, as a consequence of new 
latent cause inference.

This is also in line with the observed effects on recognition memory, 
as after low-precision across-cause PEs, original memory traces were 
remembered as well as after low-precision within-cause PEs, despite the 
latter having a general coherence advantage. Even though this indicates 
increased relevance of even incoherent social information in a novel 
situation, there was a meta-mnemonic advantage of the coherent di
alogues, represented by elevated confidence.

Additionally, low-precision across-cause PEs led to activation in the 
anterior insula, likely reflecting the high uncertainty (Sarinopoulos 
et al., 2010), possibly even aversiveness (Hoskin & Talmi, 2023; Kim 
et al., 2025) of a situation in which new material is not in line with 
expectations. Interestingly, the anterior insula and TPJ display increased 
connectivity in social fear learning (Lindström et al., 2018), implying 
that participants may be learning by observation from an apparently 
failed communicative situation.

4.3. New latent cause inference after high-precision predictions

While in the absence of specific predictions, new latent cause infer
ence involved an extended network of brain regions implicated in social 
processing, fewer regions responded to new latent causes when specific 
predictions were possible. This was the case when dialogues had already 
been encoded in their original form, could be predicted upon another 
exposure, but were modified with a new incoherent dialogue version 
which was to evoke a high-precision across-cause PE. Only the PE- 
general areas IFG, STS/STG, and cerebellar Crus 2 responded to these 
PEs.

There was an immediate representational consequence of high- 
precision across-cause PEs. Compared to high-precision within-cause 
PEs, RSA revealed that the originally encoded version was more strongly 
reactivated in the hippocampus while the mismatch was being pro
cessed. As this original version was used for prediction, but challenged 
by the PE, this increased reactive reinstatement can reflect a continued 
top-down adherence to the prediction, as opposed to bottom-up infor
mation gathering. As the hippocampus is thought to face a trade-off 
between predicting and encoding, the continued reinstatement can 
therefore impede the encoding of the new stimulus (Long & Kuhl, 2019; 
Sherman & Turk-Browne, 2020).

This can then explain that besides the core PE network, no additional 
regions significantly responded to these PEs. Additional support for this 
interpretation comes from the univariate contrast between high- 
precision within-cause and across-cause PEs, where high-precision 

within-cause PEs elicited reduced A1 activity, signalling less bottom- 
up processing (Liedtke et al., 2026). Even though this did not lead to a 
memory disadvantage of these dialogues, confidence was indeed 
decreased, compared to dialogues with a high-precision within-cause 
PE. Additionally, reactivation of previously encoded relevant events is 
often observed at event boundaries (Cohn-Sheehy et al., 2021; Griffiths 
& Fuentemilla, 2020; Hahamy et al., 2023), drawing attention to the 
similarities between latent cause inference and event segmentation, also 
discussed by Gershman et al. (2017).

4.4. Model updating after high-precision predictions

Lastly, high-precision within-cause PEs were evoked when new input 
was mismatching with the original dialogue version, but not incoherent. 
These PEs offered an appropriate alternative to the previously encoded 
stimulus. In this case, Latent Cause Theory (Gershman et al., 2017) 
would predict no new latent cause inference, but instead the updating of 
the existing model with new information. Note that as the new targets 
still featured the same speaker, mismatches were not generated based on 
an unfamiliar voice, but on unpredicted high-level information.

Brain activity was strongly in line with this prediction. Again, PE- 
general areas including the IFG, left Crus 2, and both anterior and 
posterior STG, here extending to the temporal pole, were activated. In 
addition to left Crus 2, there was a significant cluster also in the right 
Crus 2, which exhibits high connectivity to mentalizing hubs (Overwalle 
et al., 2019). These were also activated, specifically the bilateral ventral 
precuneus and the bilateral TPJ, implicated in the updating of person 
impressions and theory of mind (Dungan et al., 2016; Mende-Siedlecki, 
2018; Stanley, 2016).

Crucially, two higher-order frontal activation clusters were found 
that were unique to high-precision within-cause PEs, namely a cluster 
centred on BA9, extending into BA8 and the pre-supplementary motor 
area, as well as a cluster in the ventro-medial prefrontal cortex (vmPFC). 
BA9 was hypothesized to be active due to its contribution to integrating 
new information into a situation model (Ferstl & Cramon, 2001). Situ
ation models are built up during comprehension of texts, but also other 
media and real-world situations, representing the evolving of meaning 
(Thye et al., 2024; Zwaan, 2025). BA9 has thus been shown to be active 
when information was unpredicted but could be reconciled with the 
overall narrative by re-interpretation, but not if such integration was 
impossible (Ferstl et al., 2005) or when stories lacked structural coher
ence (Yarkoni et al., 2008). This role of BA9 in psycholinguistic studies is 
highly overlapping with its function found in the current study, as the 
updating of knowledge within a single latent cause as described by 
Gershman et al. (2017) is akin to the continuous updating of a situation 
model. Additionally, BA9 has been implicated in maintaining and 
adjusting an active predictive model, as shown in sequential prediction 
tasks (Kühn & Schubotz, 2012), where BA9 activity reflected whether an 
ongoing prediction needed to be stabilized or revised after rare expec
tancy breaches.

Taken together, these previous findings converge on a common role 
of BA9 in keeping an interpretive model online and updating it when 
unexpected information can be integrated. This is precisely the process 
required for high-precision within-cause PEs in the present study. In 
addition to BA9, the cluster in the vmPFC points to the resolution of 
socially ambiguous settings (Lyu et al., 2024), and the need to integrate 
new information into existing memories (Bowman & Zeithamova, 2018; 
Spalding et al., 2018; Zeithamova et al., 2012). While the vmPFC has 
been shown to be crucial in the processing of reward PEs (Rehbein et al., 
2023; Wang et al., 2017), the current result suggests that it may be 
relevant also when updating episodic memories.

These results therefore implicate BA9 and vmPFC in the processing of 
PEs – but especially when these PEs are of moderate size, where existing 
models are updated with new information (Gershman et al., 2017). 
Because the cluster also extended into the pre-supplementary motor 
area, model updating likely engaged additional processes that manage 
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conflicts between local predictions and the broader hierarchical struc
ture of a sequence (Hertrich et al., 2016; Li et al., 2021).

The integration of new information into existing models was also 
reflected in increased A1 activation, and as an immediate representa
tional consequence simultaneously less reinstatement of the originally 
encoded version, both compared to high-precision across-cause PEs. 
While latent cause inference seemed to trigger a switch to top-down 
prediction with increased reinstatement of a previously encoded alter
native and less A1 activation, the opposite was the case when new 
relevant information was gathered in a bottom-up fashion and inte
grated into an existing model. Consequently, even though recognition 
memory was not increased, confidence and source memory were.

4.5. Implications for latent cause theory in episodic predictions

Latent Cause Theory (Gershman et al., 2017) has only recently been 
applied to PEs in a context of episodic predictions. From the current 
study, four theoretically relevant conclusions about the nature of new 
latent cause inference and model updating emerge. First, no brain region 
was directly implicated in new latent cause inference in the current 
design. While Latent Cause Theory is per se not strictly tied to a specific 
biological implementation, the initial finding that in the current design, 
no clusters reflecting the signalling of a new latent cause crossed the 
threshold of significance is consistent with previous computational 
modelling work by Pronoza et al. (2025). In that study, a model was 
constructed which was capable of replicating previous behavioural re
sults, where the decision about updating or new encoding was based 
merely on the similarity of new material with an already encoded 
memory. In that model, no explicit higher-order “decision maker” was 
necessary, and outcomes could be replicated based solely on internal 
network dynamics.

Second, neural processes at new latent cause inference differ 
depending on whether predictions are low-precision or high-precision, 
with fewer brain regions responding when high-precision predictions 
can be made. At first glance, this might be inconsistent with the idea that 
high-precision predictions generally trigger stronger PEs (Greve et al., 
2017; Henson & Gagnepain, 2010). However, a more distributed 
response to PEs is not synonymous with a stronger PE but may rather 
indicate broad information gathering when little is known about the 
novel situation. Additionally, the originally encoded memories were 
more strongly reactively reinstated when an across-cause PE compared 
to a within-cause PE was induced. This raises the intriguing possibility 
that these across-cause PEs may have biased the system from bottom-up 
processing of the unexpected input towards a top-down reinstatement of 
a previously encoded version of the same episode. This very reinstate
ment may then have constrained the PE response.

Third, we have previously argued for new latent cause inference after 
large PEs caused by the modification of a previously encoded episode, 
resulting in representational separation between the original and new 
mismatching versions (Boeltzig, Liedtke, Siestrup, et al., 2025). These 
results are significantly extended in the current study, where we find 
evidence for new latent cause inference even within the same stimulus, 
so within a short period of time. This event segmentation is not neces
sarily predicted by Latent Cause Theory, which argues that temporal 
proximity is a cue for the maintenance of the same latent cause 
(Gershman et al., 2017), at least in conditioning designs which the 
theory is based on. Beyond conditioning settings however, even episodic 
memories formed closer in time are more likely to be integrated instead 
of separated (Zeithamova & Preston, 2017) and a recent study showed 
that a single PE is not enough for event segmentation, but persistence of 
the new situation causing the PE is also necessary (Güler et al., 2025). 
However, in these studies, events were either stimulus-response pairings 
or random associations. It is conceivable that narrative stimuli, with 
their extension in time, carry persistence of a new latent cause inher
ently, thus making new latent cause inference more likely (Ben-Yakov 
et al., 2022). In addition to the general advantages of using naturalistic 

material in memory research (Maguire, 2022), research on PEs espe
cially needs to approximate real-world situations to account for factors 
such as temporal structure and persistence of unpredicted events.

Fourth, the results underscore that predictive models can have 
several sources in any given situation. For instance, when participants 
first listen to a novel dialogue, it is unclear what they predict and where 
these predictions stem from. Later, familiar dialogues could be predicted 
based on a specific episodic memory, as the RSA suggests, and prior 
research corroborates (Boeltzig, Liedtke, Siestrup, et al., 2025; Haque 
et al., 2020; Kim et al., 2014; Stawarczyk et al., 2020). However, after 
low-precision across-cause PEs, the previously encoded dialogue con
tinuations were less predicted upon future exposures – leaving it open 
what was predicted instead. Previous studies have usually either 
induced episodic PEs by modifying previously encoded episodes (Kim 
et al., 2014; Nolden et al., 2025; Stawarczyk et al., 2020), or semantic 
PEs by violating abstract rules or schemas (Frank et al., 2020; Kalbe & 
Schwabe, 2020; Pupillo et al., 2023). In real-life prediction, it is 
conceivable that both sources are tapped in any given context (Cheng 
et al., 2016), and that one or more relevant episodic memories are 
leveraged for prediction in novel situations (Liedtke et al., 2026). As PEs 
based on previous episodic experiences differ in neural correlates from 
PEs based on semantic knowledge (Varga et al., 2025), it is an inter
esting avenue for future research to focus on identifying the sources for 
predictions in naturalistic viewing and investigate whether they 
modulate mnemonic and representational outcomes.

4.6. Limitations

In order to create circumstances in which, grounded in Latent Cause 
Theory (Gershman et al., 2017), we expected new latent cause inference 
and updating to be the most likely consequences, we made use of 
coherent and incoherent dialogues. While the manipulation was suc
cessful, as representational similarity at first exposure indicated, it 
cannot be ruled out that participants made sense of the incoherent di
alogues in some way or another. Conversely, in the coherent episodes, it 
is possible that participants sometimes judged responses to be 
inappropriate.

As another product of the categorical design, narrative coherence 
can generally lead to a memory advantage (Arslan & Kominsky, 2026; 
Cohn-Sheehy et al., 2022), possibly neutralizing the previously shown 
beneficial effect of new latent cause inference or otherwise large PEs 
(Boeltzig, Liedtke, & Schubotz, 2025; Boeltzig, Liedtke, Siestrup, et al., 
2025). While there was no effect of coherence on recognition perfor
mance (see Haeuser & Kray, 2022 for a similar result), it did affect 
confidence (as a more meta-cognitive process; Nielsen et al., 2023) and 
source memory. Due to these two opposing effects, the current set of 
behavioural memory results are more challenging to interpret.

It is a well-known challenge in the field that comparing findings 
between studies is inherently difficult. Context can moderate the effects 
of novelty and surprise (Barto et al., 2013; Kafkas & Montaldi, 2018; 
Quent et al., 2021; Reichardt et al., 2020), and the stability of the 
environment can influence how strongly the system is tuned to PEs 
(Rouhani et al., 2018) or whether predictions are made on a category- or 
item-level (Kim et al., 2019). In the current study, uncertainty was 
probably generally higher than in previous studies of PE size, given that 
new material was continuously introduced and modified in a single 
session, with more obvious PEs evoked by the incoherent versions. This 
uncertainty may influence the strength of predictions and render PEs 
generally smaller (Henson & Gagnepain, 2010). To account for this and 
other factors which make an exact PE size determination difficult, future 
studies should focus on modelling the full space of possible PE sizes and 
consider utilising physiological measures of PE (Brod et al., 2022; Loock 
et al., 2025).

More broadly, experiments creating episodic PEs rely on participants 
encoding episodes, and then re-playing these episodes in an identical 
manner before an unexpected mismatch is induced (Greve et al., 2017; 
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Kim et al., 2014; Varga et al., 2025; Wahlheim & Zacks, 2019). This 
naturally simplifies naturalistic predicting. Even though we are often 
exposed to retellings of the same stories and highly repetitive event, and 
watch movies, read books, and listen to audiobooks that we already 
know (O’Brien, 2019), the situation including its context will not 
directly repeat itself. While it can still be highly effective to leverage 
episodic memories in these situations, future research should also create 
conditions where the new situation is similar, but not completely iden
tical, and test whether this modulates signalling and consequences of 
episodic PEs.

5. Conclusions

The current study elucidates differences between model updating 
and latent cause inference. Integrating new information into an existing 
model engaged frontal midline regions (BA9, vmPFC) and enhanced 
bottom-up processing, whereas inferring a new latent cause relied on a 
core PE network (IFG, STS/STG, Crus 2). Prediction precision deter
mined whether additional regions were recruited: low-precision pre
dictions elicited broader processing, while reinstated high-precision 
predictions constrained processing to a narrower, more top-down 
pattern. Together, these findings contribute to the application of the 
Latent Cause Theory by Gershman et al. (2017) to naturalistic prediction 
in humans, where episodic information is tapped in addition to abstract 
schemas and rules. It also extends prior work showing that mnemonic 
and representational consequences differ depending on PE size 
(Boeltzig, Liedtke, & Schubotz, 2025; Boeltzig, Liedtke, Siestrup, et al., 
2025; Liedtke et al., 2025; Pronoza et al., 2025), highlighting more 
broadly how prediction errors can contribute to the encoding and 
modification of episodic memories.

These results are also relevant in the broader memory literature. For 
instance, they can explain why implausible information is less accessible 
than plausible information (Ford & Nadarevic, 2025) – it might be 
encoded, but less accessible due to increased pattern separation with 
relevant cues. Additionally, fake news that is congruent with attitudes 
may trigger within-cause PEs that lead to updating of previous knowl
edge. By becoming integrated and by being used for prediction in the 
future, they exert continued influence on cognition. On the other hand, 
even truthful news that are incongruent with attitudes may be separated 
by new latent cause inference from relevant cues and thus be less 
accessible. Prediction errors therefore are a fruitful avenue to under
standing, and ultimately countering, partisan cognition and fake news 
susceptibility (Kemp et al., 2024; Sinclair et al., 2020). Considering PE 
size, and thereby the navigation between new latent cause inference and 
model updating is a crucial avenue for future research in that field.
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