npj | science of learning

Article

Published in partnership with The University of Queensland

https://doi.org/10.1038/s41539-024-00287-x

The representational instability in the
generalization of fear learning

M| Check for updates

Kenny Yu®'

, Wolf Vanpaemel ® ', Francis Tuerlinckx'* & Jonas Zaman ® %34

Perception and perceptual memory play crucial roles in fear generalization, yet their dynamic
interaction remains understudied. This research (N = 80) explored their relationship through a classical
differential conditioning experiment. Results revealed that while fear context perception fluctuates
over time with a drift effect, perceptual memory remains stable, creating a disjunction between the two
systems. Surprisingly, this disjunction does not significantly impact fear generalization behavior.
Although most participants demonstrated generalization aligned with perceptual rather than physical
stimulus distances, incorporating perceptual memory data into perceptual distance calculations did
not enhance model performance. This suggests a potential shift in the mapping of the perceptual
memory component of fear context, occurring alongside perceptual dynamics. Overall, this work
provides evidence for understanding fear generalization behavior through different stimulus
representational processes. Such mechanistic investigations can enhance our understanding of how
individuals behave when facing threats and potentially aid in developing mechanism-specific

diagnoses and treatments.

The conventional approach to understanding behavior transfer involves
formulating the similarity between learned and novel contexts using a
transfer function, widely adopted across domains like categorization'™,
memory’, and machine learning’, where the similarity between stimuli
conforms to a decaying function of psychological distance®. Despite the
wide variety of decaying functions®, the general exponential rule prevails,
suggesting that behavior transfers more when the new context closely aligns
with the learned context in mental space (Fig. la). In addition, other
common practices in learning and generalization, such as elemental
representation models™"” or neural network models', directly operate sti-
mulus representation in the physical dimension, assuming that greater
similarity in physical features leads to more overlap in stimulus (neural)
representations and, consequently, more behavior transfers. Despite oper-
ating in different dimensions, all these approaches assume a static stimulus
representation (Fig. 1a).

The challenge with these invariant stimulus representation assump-
tions is that they overlook the dynamic and probabilistic characteristics of
the mental representation process. Recent research has highlighted the
imperfections of the nervous system'>"”, characterized by the brain’s sto-
chastic processes in encoding physical inputs'. To navigate such com-
plexities, a probabilistic framework of mental representations is essential for
understanding how behavior evolves in dynamic environments''.
Behavioral”™"” and neural”” evidence in humans and other animals
indicates a significant influence of internal uncertainty on behavior. In

situations where mental representations of the physical inputs are unstable,
even precise mapping functions can yield vastly different behavioral pat-
terns (Fig. 1b). Therefore, investigations into behavior transfer must con-
sider not only external environmental variability but also internal
representational variability, a dimension notably overlooked in fields of
stimulus generalization™.

Recent advancements in human perception theories underscore the
non-linear, dynamic and inferential nature of perception, shaped by intri-
cate sensory’* and psychological”’ ™" processes. Grounded in the pre-
dictive coding framework’ ™" and particularly within the Bayesian brain
theory”*****, these modern perspectives propose that our perception of the
physical world is a dynamic process of continuous temporal evolution. This
process is characterized by the brain’s ongoing management of inherent
uncertainties in sensory input and the constant updating of expectations
based on prior experiences and current context. A compelling illustration of
these principles is provided by Weiss et al.*’, who elucidates several per-
ceptual patterns in human visual motion perception using Bayesian prin-
ciples. Their research demonstrates that the visual system generally assumes
slower motions to be more probable than faster ones, often leading to an
underestimation of speed, particularly in low-contrast conditions. More-
over, their study reveals that the perception of motion direction in complex
stimuli, such as plaids and rhombuses, can deviate from the actual motion.
This deviation occurs as the visual system integrates noisy local measure-
ments with a prior belief favoring slower motions, exemplifying the
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Fig. 1 | Mental representation and behavior. The left panels depict the relationship
between physical and perceptual distances of stimuli, showing how the perceived
similarity between previously learned and newly encountered stimuli relates to their
actual physical differences. The right panels illustrate the relationship between
perceptual distance and behavioral response, demonstrating that stimuli perceived
as more similar to the learned stimulus (smaller perceptual distance) trigger stronger
responses, while those perceived as more different elicit weaker responses. In the first
scenario (a), mental representation is assumed to remain static over time, with

behavior following a one-to-one mapping based on the point-based mental distance
between novel encountered contexts and learned contexts. In contrast, in the second
scenario (b), mental representation is characterized by noises and exhibits a dynamic
nature over time. Consequently, applying the same mapping function may result in
different behavioral predictions. The temporal patterns in (b) illustrate the dynamic
nature of mental representations, serving as an example without specific theoretical
implications for the changes shown.

interplay between sensory input and pre-existing expectations in shaping
perception.

Similarly, recent investigations into visual memory have revealed its
complex and imperfect nature, highlighting the significant influence of
contextual factors and the intricate interplay between encoding and retrieval
processes” . A paradigm shift in understanding visual information storage
and retrieval has emerged through the concept of hierarchical coding***.
This framework challenges the traditional view of independent item storage,
proposing instead that visual memory operates simultaneously across
multiple levels of abstraction. Compelling evidence for this hierarchical
model comes from experiments on size recall conducted by Brady et al.*’.
These studies demonstrated that when recalling the size of a specific circle,
participants were systematically influenced by the average size of other
circles sharing the same color. This bias toward ensemble statistics illustrates

the complex interaction between item-specific details and higher-order
information in memory processes. Building on these findings, recent
research has further challenged the conceptualization of perceptual memory
as a passive storage system. Brady et al.”’ emphasize its probabilistic and
inferential nature, aligning perceptual memory more closely with con-
temporary theories of perception. This emerging view posits that perceptual
memory engages in active inferential processes. Such a framework suggests
enhanced flexibility and adaptability in information storage and retrieval
mechanisms, reflecting the dynamic nature of human memory.
Contemporary advancements in our understanding of human
perception and perceptual memory challenge the assumption of veridical
and deterministic perception that underlies much of traditional gen-
eralization research. In traditional generalization research, even in
probabilistic models that acknowledge uncertainties”’, the shape and
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Fig. 2 | Experimental design and descriptive data patterns. The experimental design and group-level descriptive data from the current study are presented, involving three

distinct tasks: size estimation, US expectancy, and size reproduction.

location of stimulus representation distributions are often assumed to
remain fixed for the same physical stimulus. Notably, a recent study
highlights the constraints of the sensory processing system and estab-
lishes a connection between the inferential nature of human perception
and the process of perceptual generalization*. Specifically, the study
suggests that the slope of generalization gradients may correlate with the
information processing capacity of the brain. Recent empirical evidence
has begun to explore the impact of idiosyncrasies in perception*~* and
memory” " on fear generalization behavior. These studies have revealed
that both stimulus perception and perceptual memory for a given sti-
mulus can differ over time, with these differences directly mapping onto
generalization behavior. This dynamics manifests in two key ways: quite
often, a newly encountered stimulus, when misidentified as a previously
learned stimulus, elicited stronger fear responses compared to when it
was correctly identified; conversely, fear responses were substantially
lower to the learned threat stimulus when mistakenly identified as dif-
ferent from its original encoding. This recent body of evidence adds
support to the notion that examining generalization behavior within a
fear context based on one-to-one physical perceptual mapping and
flawless memory retention is overly simplistic. While these empirical
findings have highlighted the importance of interindividual differences
in stimulus representation, the dynamic interplay between perceptual

and memory systems and their combined modulation of fear-related
behavior remains largely unexplored.

In this work, we investigated, under fear contexts, the dynamic patterns
of two primary sources of stimulus representations: perception and per-
ceptual memory. Simultaneously measuring how individuals perceive and
recall features of threat and safety stimuli acquired during learning and
generalization paradigms in a differential conditioning experiment (Fig. 2),
we explored the existence of specific temporal patterns in perception and
perceptual memory. In addition, we investigated whether such patterns are
driven by threats. Utilizing computational modeling to formulate a com-
prehensive system for perceptual fear generalization®, which integrates
error-driven learning™ and similarity-based generalization processes™’, we
further explored the contributions of individual perception and perceptual
memory to shaping fear generalization behavior.

Results

In this section, we report findings regarding the perceptual temporal pat-
tern, perceptual memory temporal pattern, the variation between percep-
tion and perceptual memory, and how they relate to fear generalization
behavior. For parameter inferences, we used Bayesian statistics, which
represents our uncertainty about parameters through probability distribu-
tions in a principled manner.
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Fig. 3 | The dynamics of population-level percep- a
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Perceptual dynamics: group patterns
In Fig. 3a, a distinct perceptual drift with opposite directions is observed for
the threat-associated stimulus (CS+), depending on its physical size (S3:
66.048 mm, S8: 104.168 mm). Specifically, the group-level (across blocks)
parameter (4 , governing the overall changes in the mean of perceived size
throughout the experiment, was estimated as positive when S3 served as
threat stimulus (95% CI [1.74, 4.04], median = 2.80) and negative when
S8 served as threat stimulus (95% CI [—5.05, —1.19], median = —2.90). This
led to an increase in perceived size when S3 served as threat stimulus and a
decrease in perceived size when S8 served as threat stimulus throughout the
experiment. Interestingly, the drift pattern was much less pronounced when
the same stimuli had no association with threat (CS—). The estimated y;
covers 0 in its 95% CI when either S3 (95% CI [—0.18, 0.29], median = 0.053
or S8 (95% CI [—0.17, 0.03], median = —0.07) served as safety stimulus. This
results in overlaps between the estimated y at the beginning and at the end of
the experiment when either S3 or S8 served as safety stimulus.
Concerning the standard deviation of the perceived size (o), a more
stimulus-specific pattern, rather than fear-specific, emerged (panel b, Fig. 3).
For S8, 45 (on alogarithmic scale) was estimated mostly as negative either
when it served as threat stimulus (95% CI [—2.01, 0.48], median = —0.82) or
safety stimulus (95% CI [—0.15, 0.002], median = —0.08). This led to a
decrease in o throughout the experiment when S8 served as either threat or
safety stimulus. For S3, the continuous temporal pattern was less evident.
Another stimulus-specific pattern surfaced, revealing that uncertainty
regarding S8 surpassed that of S3 at the onset of the experiment, regardless of
whether in threat or safety conditions, while the variance decreased gra-
dually over time. For the complete block-level 4 and o estimates with the size
estimation data for threat and safety stimuli in the acquisition and gen-
eralization stage, see Supplementary Tables 1 to 6.

Perceptual dynamics: computational modeling

Employing a one-dimensional state space model, we explored both inter-
and intra-individual differences in perceptual dynamics. This extended
analysis not only investigated perceptual dynamics concerning threat (CS+)
and safety (CS—) conditioned stimuli but also tracked evolving perceptions
of all encountered stimuli throughout the experiment. The model featured a
mixture structure, allowing us to test two hypotheses about the nature of
perceptual dynamics in fear contexts.

First, we examined two assumptions about the perceptual prior. This
involved contrasting two ideas: (1) that current perception is grounded in
the most recent preceding perceptual mean, and (2) that it relies on the mean
of individual sensory transformations across the spectrum of physical sti-
muli presented during the experiment (i.e., regression to the mean effect).

Second, we scrutinized, on an individual basis, whether there was a differ-
ence in the propensity of current perception to adhere to the perceptual
prior (see “Methods” section for more modeling details). The effectiveness
of our model in interpreting the observed data is underscored by posterior
predictive checks (see Supplementary Figs. 1 to 6).

The underlying premise of the current perceptual model posits that
perception, at any given point in time, is influenced by the interplay between
the ongoing sensory transformation, known as the perceptual likelihood
(see Supplementary Fig. 13), and the existing perceptual prior, taking into
account the relative uncertainty associated with both sources, as delineated
by the Kalman gain (x). A lower Kalman gain signifies an increasing
empbhasis of the perceptual prior on the current perceptual distribution.

In Fig. 4a, our findings strongly support the utilization of the mean of
sensory translated values as the perceptual prior, rather than the most recent
perception. The 95% credible interval for the probability parameter 7z, of the
prior source is estimated to be [0.95, 1], with a median value 0f 0.99. Turning
focus to Panel b, we observe that the proportion of fear-conditioned sti-
mulus uncertainty exceeding that of the other stimuli hovers around 0.5.
This suggests that, for the majority of participants, the sensory uncertainties
associated with fear-inducing and neutral stimuli are approximately
equivalent.

Figure 4c illustrates the progressive changes in the Kalman gain «;
across multiple trials. It can be seen that, in general, there is a dominance of
the perceptual likelihood over the perceptual prior throughout the entire
experimental duration for most participants. Nevertheless, a discernible
decrease in this trend indicates a slight increment in the influence of the
perceptual prior on shaping perception for a subset of participants. Thus, on
average, throughout the experiment, the prior becomes somewhat more
important in the construction of the percept.

Perceptual memory dynamics: group patterns

In Fig. 5a, the mean recalled sizes for both threat (CS+) and safety (CS—)
stimuli remain stable throughout the experiment, irrespective of physical
size. In the size reproduction task, median y; estimates for CS+- are —0.50
(S3) and 0.51 (S8), with 95% CIs of [— 1.33, 0.28] and [—1.76, 0.78],
respectively. The corresponding median estimates for the safety stimulus are
0.28 (S3) and 1.87 (S8), with 95% Cls of [—0.92, 1.66] and [—1.85, 6.37],
respectively. In the subsequent size estimation task, median y1; estimates for
the treat stimulus are 0.45 (S3) and —0.02 (S8), with 95% Cls 0?[—0.52, 1.36]
and [—1.27, 1.25], respectively. The corresponding estimates for the safety
stimulus are —1.42 (S3) and 1.91 (S8), with 95% ClIs of [—3.15, 0.36] and
[—3.32, 8.10], respectively. These estimates reveal that the temporal effect is
not discernible in perceptual memory, regardless of the stimulus size or the
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Fig. 4 | The dynamics of individual perceptual patterns. a Posterior distributions
with 10,000 MCMC samples of the probability parameter 7, determining whether
the data favors using the previous perceptual mean or the mean of individual sensory
mapping values of the presented sensory inputs in the experiment as the perceptual
prior. A value smaller than 0.5 signifies support for the former prior source, while a
value greater than 0.5 indicates the opposite. b The proportion of sensory uncer-
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estimated 0} ; and 03 ;. A value greater than 0.5 implies greater sensory uncertainty
for fear-conditioned stimulus, suggesting its higher susceptibility to the perceptual
prior in comparison to other stimuli; conversely, a value smaller than 0.5 implies the
opposite. ¢ The dynamics of Kalman gain (x) for participants across trials are illu-
strated. A Kalman gain greater than 0.5 signifies a higher susceptibility of the current
perception to the sensory transformation of the current sensory input, while a value
smaller than 0.5 implies the opposite.

presence of threat associations (see Supplementary Figs. 2 to 3 for the
estimated y in the memory task).

The standard deviation of recalled sizes exhibits an overarching
decreasing pattern, although it is not consistently observed across all con-
ditions (Fig. 5b). In the size reproduction task, median y; estimates for
threat stimulus are —0.06 (S3) and —0.10 (S8), with 95% CIs of [—0.11,
—0.009] and [—0.25, 0.06], respectively. The corresponding median esti-
mates for the safety stimulus are —0.004 (S3) and —0.05 (S8), with 95% ClIs
of [—0.16, 0.15] and [—0.26, 0.13], respectively. In the subsequent size
estimation task, median g5 estimates for the threat stimulus are —0.06 (S3)
and —0.11 (S8), with 95% Cls of [—0.19, 0.05] and [—0.24, 0.02], respec-
tively. The corresponding estimates for the safety stimulus are 0.04 (S3) and
—0.07 (S8), with 95% ClIs of [—0.23, 0.33] and [—0.16, 0.009], respectively.
In addition, the findings in perceptual memory mirror the pattern observed
in the perceptual data, where the uncertainty of S8 notably surpasses that of
S3 at the onset of the experiment, gradually converging as the uncertainty of
S8 declines over time (see Supplementary Figs. 5 to 6 for the estimated o in
the memory task).

Variability between individual perception and perceptual memory
Subsequently, we investigated the alignment between individual perceptual
memory of threat and safety conditioned stimuli and the most recent per-
ception prior to the memory task. This analysis utilized predictive samples
from individual perceptual and memory distributions, derived from the
second analysis. The perceptual distribution was based on estimations from
the most recent threat and safety stimuli encountered before each
memory task.

Figure 6 reveals significant individual disparities in the discrepancies
between predictive samples of perception and perceptual memory. While
some individuals exhibit perceptual memory that closely aligned with the

most recent encoding of physical inputs, overall, the predictions of per-
ceptual memory and perception do not align well. In addition, a stimulus-
specific pattern emerged in the size reproduction data. According to median
estimates, participants tended to recall larger sizes for S3 (fear stimulus:
71.88% of participants; safety stimulus: 93.75% of participants) and smaller
sizes for S8 (fear stimulus: 50% of participants; safety stimulus: 87.5% of
participants).

Links to fear generalization behavior

For the final analysis, we examined the influence of real-time perception and
perceptual memory on fear generalization behavior, as pre-registered. To
achieve this, we applied the data to a computational model of human
generalization” and devised a mixture framework within the model. This
composite structure enabled us to assess the extent to which the incor-
poration of memory data and perceptual data contributed to explaining the
generalization behavior. Similar to the computational perception model, the
validity of our model in explaining the observed data is affirmed through
posterior predictive checks (see Supplementary Figs. 7 to 12).

For the first comparison, akin to the previous research”, we examined
whether the primary mechanism of data formation indicated potentially
clinically relevant subgroups characterized by either the absence of learning
(Non-Learners, 7, ;) or an abnormal tendency toward overgeneralization
(Overgeneralizers, 7 ,). Furthermore, we assessed whether the data on
generalization behavior were more aligned with physical distance (Physical
generalizers, 7; ;) or perceptual distance (Perceptual generalizers, 7 4).

In the second comparison, we established three distinct perceptual
distances based on different assumptions regarding perceptual memory.
The first assumes that distances in psychological space are determined by
current perception and perceptual traces, as derived from our computa-
tional model of perception. The second and third assumptions propose that
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Fig. 5 | The dynamics of population-level perceptual memory patterns. The
general temporal patterns of recalled perceived size of two stimuli, S3 (physical size =
66.048 mm) and S8 (physical size = 104.168 mm), serving as threat-associated (CS+)

and threat-absent (CS—) stimuli. a The two panels depict 10,000 MCMC samples of
the group (across blocks) level parameter modulating the overall temporal variations
in mean (a) and SD (b) of the perceptual memory response.

perceptual memory, as measured in the memory task (via size reproduction
and estimation), rather than perceptual traces, determines the memory
component in perceptual distance. The level of support for each of these
perceptual distance assumptions is quantified by the estimated probability
parameters 7, 3, 7, », and 71, 3, respectively.

Figure 7a demonstrates the dominance of Perceptual Generalizers in
the current data, with the estimated probability parameter 7; 4 having a 95%
CI of [0.84,0.96] and a median of 0.92. The probability parameters for the
other three latent groups are all estimated to be negligible, with 95% Cls of
[0.007,0.084], [0.057,0.011], and [0.007,0.084], and medians of 0.032, 0.011,
and 0.032 for 7y, 71, 5, and 7, 3, corresponding to the latent groups of Non-
Learners, Overgeneralizers, and Physical Generalizers, respectively (see
Supplementary Fig. 14 for MCMC trace plots).

Regarding the second comparison, Fig. 7b presents compelling evi-
dence indicating that memory data did not contribute more to explaining
the observed fear generalization behavior than simply assuming that the
most recent perceptual encoding represents the current memory repre-
sentation of the learned stimuli. The estimated probability parameter 7, ;
has a 95% CI of [0.84,0.96] and a median of 0.91, which is notably higher
than the other two assumptions about perceptual distance. These
assumptions have 95% ClIs of [0.007,0.105] and [0.01, 0.11] and medians of

0.37 and 0.44 for m,, and m,3, corresponding to perceptual distances
computed with size estimation and reproduction data in the memory task,
respectively.

In summary, our findings corroborate those of Yu et al.”’, demon-
strating that both inter- and intra-individual differences in perception are
important contributors to human fear generalization behavior. However,
contrary to our initial hypothesis, our evidence did not support the notion
that incorporating perceptual memory enhances the explanation of gen-
eralization behavior.

Discussion

In this research, we explored the dynamic interplay between the dual
underlying mechanisms that govern stimulus representations within fear
contexts: the instantaneous visual perception and the perceptual memory.
Our findings suggest that there is no evidence of meaningful temporal shifts
in perceptual memory. This observation aligns with existing research evi-
dence that supports the notion of a well-preserved process of low-level visual
perception over short time intervals®™, a characteristic that remains
unchanged within fear-laden contexts in the current study. However, in the
case of visual perception, we observed a progressive drift associated with the
smaller size stimulus when conditioned with fear-inducing outcomes.

npj Science of Learning| (2024)9:78


www.nature.com/npjscilearn

https://doi.org/10.1038/s41539-024-00287-x

Article

Threat stimulus (CS+)

Threat stimulus (CS+)

S3 S8
1 1
1 I
1 1
40+ 1 T 1.
1 1 o
[ ‘. o !
LR ! ol *
_E 0'_______.__.-.‘:.:-.'&'i"__.' _______________________ .'._..——._l___—. _______
'5. ®e ** %1 1 . o.. 1 e . Py
) o ®e 1 LA »e
2 )| 1 | 1,0 .
[ i 1 b
?_ -40 | . |
— 1 P
s ' !
é Safety stimulus (CS-) Safety stimulus (CS-)
° S3 S8
% T [
- 1 1
8 1 1
‘» 401 1 1
> - I
g d 1
O+F-=-=—=-=—=====-%=-- B R T i il i 4t m mmmmm——— == -
g | .
1 1
1 -
40, | :
1 1
1 1
T 1 T T ! T
-25 0 25 -25 0 25

Fig. 6 | The difference between perception and perceptual memory. Mean var-
iations in predictions across blocks for individual perceptual and memory dis-
tributions of two stimuli, S3 (physical size = 66.048 mm) and S8 (physical size =
104.168 mm), which served as threat-associated (CS+) and threat-absent (CS—)
stimuli. For each memory block, 10,000 predictive samples were generated from
both perceptual distributions (representing the most recent encoding before the
memory task) and perceptual memory distributions. The mean was then calculated
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individual.

across all memory blocks for each distribution, after which the differences were
computed. A value of 0 signifies a perfect alignment between perception and per-
ceptual memory (memory data -
Values greater than 0 indicate overestimation in perceptual memory, while values
smaller than 0 indicate underestimation. The error bars denote the interquartile
range (25th to 75th percentiles). The points correspond to the median values of each

x-axis: size estimation; y-axis: size reproduction).

Fig. 7 | The probability parameters in the com-
putational model of generalization. a The four
probability parameters denote the extent to which
the current data supports the assumptions of gen-
eralization behaviors being influenced by either the
absence of learning (7, ;) or overgeneralization
(7,2). In addition, they assess whether learning and
generalization reasonably occur through the influ-
ence of physical distance (7, 3) or perceptual dis-
tance (717 4). b The three probability parameters
indicate the extent to which the current data support
the assumptions of perceptual distance. These are
computed using either the most recent perceptual
distribution of threat and safety stimuli (11,,;), or the
distributions estimated by the size estimation data
(72,2) and the size reproduction data (7, 3) as the
perceptual memory components. Each distribution
consists of 10,000 MCMC samples.
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Conversely, we noticed a diminishing drift when the larger size stimulus was
conditioned with fear-inducing outcomes. Notably, these drifts were less
pronounced when the stimuli were not associated with threats. Moreover,
we found a decreasing trend in perception in terms of uncertainty, parti-
cularly for the larger size stimulus, irrespective of whether it was conditioned
with fear or not. The computational modeling, which examined the trial-to-
trial changes in perceptual distributions at the individual level across all
stimuli, supports a similar notion: around half of the participants exhibited a
more pronounced regression to the mean effect when encountering threat-
associated stimuli compared to other stimuli.

Since the seminal work of Shepard®’, generalization has been envi-
sioned as a cognitive inferential system®** operating within the mental
space. In this framework, stimuli with minimal distances in the mental space
are more likely to be inferred as belonging to the same psychological region.
The extent of generalization varies based on how far this region is from the
initial learning region. However, basing inference on mental space distance
can pose challenges if we assume a stable mental space, while the mental
representations of physical inputs are dynamically and probabilistically
dispersed within it. Recent perceptual theories””***** and our current data
collectively emphasize that the mental space is far from static. Our findings
underscore a distinctive perceptual dynamics in humans when encounter-
ing fear contexts. Incorporating these context-specific perceptual dynamics
is crucial for formulating accurate mental distances, thereby mitigating the
influence of one inferential system (stimulus representation) on another
(generalization).

The research interest in understanding how fear learning influences the
ability to differentiate between subsequently encountered stimuli and
the initially learned stimuli has seen a notable surge in recent years™*’. Yet,
the presence of conflicting evidence poses a challenge in drawing definitive
conclusions regarding alterations in the identification and discrimination of
fear-conditioned stimuli following fear learning, and the subsequent
implications in fear generalization behavior. Considering the biological
imperative for survival, both directions of the impact of fear context on
perceptual discrimination hold significance. Augmenting perceptual dis-
criminability can potentially bolster the likelihood of survival by fortifying
the identification of fear-inducing contexts. Conversely, diminishing per-
ceptual discriminability may also enhance the chances of survival by
expediting the generalization of fear learning to physically similar contexts.
The current findings contribute indirectly to the discourse by highlighting
that fear learning undermines the ability to discern initially learned fear
contexts™**, primarily influenced by the temporal dynamics of visual
perception, while perceptual memory remains relatively stable.

The temporal dynamics observed in the perception of fear-inducing
stimuli bear a striking resemblance to the regression effect, also known as the
central tendency of judgment. This perceptual bias has been documented in
psychophysics literature for decades™. From the recent perspective of the
Bayesian brain theory, this phenomenon can be understood as a result of the
adaptive learning process of the perceptual system”. According to this
framework, the brain continually learns and forms prior distributions based
on previously encountered physical inputs. As more stimuli are experienced,
the mean of this prior distribution gradually shifts toward the average of the
perceived quantities of these stimuli When a new physical input is
encountered, the resulting perception is influenced by this prior distribu-
tion, effectively drawing the perception toward the mean of previously
encountered stimuli. The underlying mechanism of a more pronounced
effect on fear-inducing stimuli found in our data (Fig. 3), however, warrants
future studies. Theoretically, this effect could be attributed to either
increased uncertainty in the sensory processing of fear-inducing stimuli or
the formation of a separate prior distribution with narrower uncertainty for
these stimuli. The former explanation is somewhat surprising given pre-
vious research indicating that fear-inducing stimuli capture attention more
readily””*. In either case, percepts tend to incline more toward the prior
distribution, which encapsulates ensemble information of all encountered
stimuli. From an evolutionary perspective, such an adaptive tendency could
have survival value. The inclination toward prior percepts may enable

individuals to quickly recognize contexts similar to dangerous ones as
potentially threatening, thereby providing opportunities for avoidance.
Future studies should aim to replicate our findings and explore potential
explanatory mechanisms for this phenomenon.

In addition to the average patterns, we also observed substantial
individual variations in the disparities between the perceptual memory
distributions and the latest perceptual distributions of threat and safety
stimuli before every memory block. Through the utilization of a compu-
tational model of generalization®, we discovered that the incorporation of a
memory distribution in the computation of perceptual distance (whether
using size estimation or reproduction data) did not alter the generalization
behavior compared to use of the most recent perceptual distributions of
conditioned stimuli as a memory component. Moreover, through com-
parisons of various assumptions regarding patterns of fear generalization
behavior, we discovered that the majority of participants exhibiting fear
transfer in accordance with dynamic and probabilistic distances in the
mental space, rather than the physical features of stimuli. In addition, the
proportion of participants exhibiting aberrant generalization behavior is
negligible.

One potential explanation for observing more variation in
perception-memory dynamics than in its actual effect on fear general-
ization behavior is that while most participants maintain stable perceptual
memory of conditioned stimuli during the acquisition stage, the encoding
of fear-inducing sensory information shifts alongside perception. This is
especially notable given that individuals consistently experience fear-
inducing contexts during the post-learning stage of the experiment. The
newly encountered fear-inducing experiences are not necessarily linked to
the initially fear-associated perceptual memory, but rather to the
immediate mental representation of the surrounding environment at the
time of these fear experiences. Consequently, this gives rise to a complex
interplay between perception, fear learning, and fear generalization. Fear
learning modulates perception®*, which in turn influences fear
generalization”™***, The alterations in perception within these fear-laden
contexts further impact fear learning, perpetuating a cyclic process. This
could potentially offer an alternative explanation for the inconsistent
findings regarding the effect of fear learning on stimulus discrimination,
as current studies have not fully accounted for the continuous experiences
and mutual influences of these different mechanisms.

From a clinical perspective, the behavioral fear generalization gradient
increasingly serves as an indicator for anxiety-related disorders, where
anxiety symptoms are associated with steeper fear response gradients,
implying a stronger generalization tendency as a cognitive mechanism*~"".
However, clinical implications may be misleading when steeper response
gradients are driven by perceptual representation processes rather than the
generalization tendency. The significant impact of robust perceptual priors
has been observed in various mental disorders, shaping overall perceptual
patterns’”>”*. This body of evidence suggests that individuals with specific
conditions, such as schizophrenia”, tend to modify their visual processing in
response to diverse sensory inputs, adhering to a particular belief about
physical reality. Intriguingly, research indicates that psychosis can be
induced in healthy participants through the introduction of robust per-
ceptual priors in conditioning experiments’®. Moreover, memory bias has
been more frequently observed in patients compared to healthy
participants” . Given that certain mental illnesses can influence mental
representation patterns and vice versa, this could lead to the misattribution
of observed behaviors to the disorder. The current evidence, coupled with a
wealth of recent research exploring latent mechanisms of fear generalization
behaviors* ™, necessitates a paradigm shift in the study and treatment of
generalization-related clinical disorders. This shift calls for a transition from
focusing solely on observed behaviors or symptoms to delving deeper into
the diverse mechanisms underlying these outcomes. Such an approach
would enable the development of tailored treatment programs based on
specific combinations of mechanisms for different symptom presentations.
The clinical value of computational modeling is increasingly recognized for
its capacity to elucidate the underlying causes of psychiatric symptoms and
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to stratify patients based on multidimensional symptom profiles*"*. The
work of Yu et al.*’ and the current research advocate for the widespread
adoption of computational modeling to integrate various generalization-
behavior generating routes in both theoretical and applied research. This
approach not only enhances our understanding of the complex processes
underlying fear generalization but also holds promise for more precise and
effective interventions in clinical settings. Future research should focus on
refining these computational models and validating their predictive power
across diverse clinical populations, potentially revolutionizing the diagnosis
and treatment of anxiety-related disorders.

Finally, our findings emphasize the need for further investigation into the
origins, mechanisms, and circumstances under which a biased perceptual prior
might manifest to influence perception. Given that fear generalization behavior
has been implicated as a key in anxiety disorders™ ", it is reasonable to consider
that individuals with anxiety disorders may exhibit a heightened perceptual
prior that modulates their sensory processing systems. This supposition is
supported by research on other forms of psychopathology””*. Understanding
the intricacies of perceptual dynamics in individuals with anxiety disorders,
particularly in their perception of fear-inducing stimuli, and discerning the
relative contributions of perceptual and other cognitive mechanisms in shaping
their maladaptive fear behavior, is of paramount importance.

As alimitation, the conclusions drawn in this study are solely based on
self-report behavioral data. However, the alignment between behavioral
measures and physiological or neurological indicators within the context of
fear remains unclear. Previous research has indicated inconsistencies
between these measures, both in the realm of fear learning”™* and
perception®. Understanding which response channels better account for the
alterations in the underlying mechanisms of observed behavior necessitates
the use of modern modeling techniques in cognitive science. These tech-
niques enable the statistical integration of data from different response
channels into a cognitive model, facilitating the inference of parameters
based on the combined information from all channels”*. Another
advantage of incorporating measurements at both biological and behavioral
levels offers a more comprehensive understanding of how individuals
respond to the fear-conditioned stimuli in the experiment. The potential
influence of fear perception saliency on changes in perception and per-
ceptual memory within the fear context warrants careful consideration.
While electrical stimuli are widely used and recognized as potent fear-
inducing stimuli in human experimental research®, due to the complexity of
fear as an emotional construct, which is not fully understood empirically, it
is challenging to capture it accurately through a single measurement™.

Methods

The study was pre-registered on the Open Science Framework (https://osf.
io/puyg3). An additional study’ using the same dataset, but primarily
focusing on exploring gender effects in fear generalization and related
processes, was registered separately (https://osf.io/byq82). This latter study
aims to investigate potential gender-specific patterns in fear generalization
behavior and whether these patterns stem from gender differences in
learning, perception, and perceptual memory. Both pre-registrations were
completed prior to data collection. All relevant materials of the current
study, including experiment scripts, data, and analysis scripts, are accessible
at https://osf.io/8qxu3/. Ethical approval was obtained from KU Leuven’s
Social and Societal Ethics Committee (G-2022-5873-R3).

Deviations from pre-registration

The current study deviates from the pre-registration in several important
aspects. In particular, the pre-registration plan was followed for the data
collection and the data processing. The final reported analysis is the analysis
included in the pre-registration plan. The first four analyses, however, were
not pre-registered. These exploratory analyses serve a dual purpose: they
elucidate specific dynamic patterns in perception and perceptual memory
(group patterns analyses), and they facilitate the development of more
theoretically grounded variables for both processes (computational mod-
eling for perception).

Participants

The sample size for this study was set at 80 participants. This sample size is
expected to be sufficient based on our previous similar study®, which
employed the same computational model for generalization with a sample
size of 40 participants.

To achieve our target sample size of 80, we initially recruited 100
participants (50% female; mean age = 21 years, SD = 4.01). To ensure data
quality, we applied several exclusion criteria. Participants who did not
complete the entire experiment or who self-reported not responding ser-
iously were excluded. In addition, we removed from the analysis any
memory reproductions that retained the same diameter size as the initial size
(either 0.1 or 160 cm). Participants with more than 20% missing data for any
measurement during any phase of the experiment were also excluded. These
criteria were implemented to maintain the integrity of our data and ensure
the reliability of our analyses. The final sample size and any adjustments
made due to these exclusions are reported in the Results section. Recruit-
ment was conducted through the participant pool of the KU Leuven Faculty
of Psychology and Educational Sciences, and participants received research
participation credit or €16 as compensation. Informed consent was pro-
vided by participants at the beginning of the experiment. The experiment
lasted ~90 min, and all instructions were provided in English.

Experiment

In this study, we employed a differential conditioning paradigm for fear
learning and generalization. During fear learning, participants were
repeatedly presented with a threat-associated stimulus (CS+) and a safety-
associated stimulus (CS—), enabling them to learn the consequences (US) of
these stimuli. Following this, in the generalization paradigm, participants
were exposed to novel stimuli that bear physical similarities to the learned
ones. Their fear responses to these stimuli were then measured.

The stimuli for learning and testing consisted of circles of various sizes,
presented as white outlines against a black background. Circle size has been
widely utilized in studies involving conditioned fear, spanning both healthy
and clinical populations**********, The stimulus set included ten circles
labeled S1 through S10, with diameters ranging from 50.80 to 119.42 mm
and spaced at intervals of 7.624 mm. During fear learning, the third-smallest
circle (S3: 66.048 mm) and the third-biggest circle (S8: 104.168 mm) were
presented. One of these circles was associated with a painful shock (CS+),
while the other signaled its absence (CS—), with this association counter-
balanced across male and female participants. For 24 participants of each
gender, S3 served as threat stimulus and S8 as safety stimulus, while in the
remaining participants, the configuration was reversed.

To evoke fear responses, participants experienced a 2-ms aversive
electrocutaneous stimulus as the unconditioned stimulus (US). This sti-
mulus was administered using a Constant Current Stimulator (DS7)
through a pair of Ag/AgCL electrodes (each 8 mm in diameter) placed on
the non-dominant wrist, lubricated with K-Y gel. Individual adjustments to
the US intensity were made using the Ascending Method of Limits
approach” to achieve a pain rating of 8 on a Visual Analog Scale (VAS)
ranging from 0 (no pain) to 10 (worst imaginable pain). Beginning at 2 mA,
the intensity increased by 0.2 mA per step, ensuring pain sensations
remained tolerable. On average, the selected intensity was 10.99 mA
(SD = 5.89).

The experiment comprised four phases following calibration: practice,
acquisition, memory, and generalization. Before commencing, participants
received comprehensive instructions both orally and in written form,
including visual examples of different line sizes (5, 10, 50, 100, and 150 mm).
After calibrating the unconditioned stimulus (US) intensity, participants
completed six practice trials to familiarize themselves with the task. Each
trial displayed conditioned stimuli (CSs) on a computer screen for 12s,
divided into two phases. During the first 7 s, the CS was presented alongside
a Visual Analog Scale (VAS) for size estimation, ranging from 0 to 200 mm.
After this period, the size estimation VAS disappeared, and an expectancy-
VAS appeared for the remaining 5 s. This expectancy-VAS ranged from 0
(‘no shock’) to 100 (‘definitely a shock’). Following the 12-s stimulus
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presentation, a fixation cross marked the intertrial interval (ITT), which
lasted 1 to 3 s randomly. During practice trials, no US was presented. Fol-
lowing the practice phase, the acquisition phase commenced, consisting of
10 CS+ trials and 10 CS— trials. The task structure mirrored the practice
phase, with the only difference being that the US followed the CS+ 80% of
the time (equivalent to 8 trials).

After the acquisition phase, participants proceeded to the first memory
task, where they were asked to recall and recreate threat (CS+) and safety
(CS—) stimuli. They were instructed to recreate the circle that most often led
to an electric stimulus or the one that least often led to it during phase 1.
Participants adjusted the circle size by pressing buttons, incrementing or
decrementing in 0.5-mm increments, upon seeing circles with either a very
large diameter (160 mm) or a very small diameter (0.1 mm) on the screen.
They then estimated the recreated circle’s diameter using a size-VAS for 7 s
and indicated their confidence level on a confidence-VAS for 5 s. Following
a 1-min break, the generalization phase began, where participants estimated
circle sizes and shock expectancy as in previous phases. This phase included
CS(s) and an additional set of 8 circles varying in size, with threat stimuli
consistently paired with shocks, while safety and other test stimuli were not.
This sequence was repeated thrice, with each repetition followed by a 1-min
break, memory phase, and generalization phase. After the final memory
block, participants completed the State-Trait Anxiety Inventory (STAI) (see
Supplementary Fig. 15 for the distribution), and a debriefing session ended
the experiment. In total, five memory blocks were administered, each
containing recall instructions for 5 threat stimuli and 5 safety stimuli, pre-
sented in random order. Similarly, there were five generalization blocks,
each comprising 12 threat stimuli, 4 safety stimuli, and 3 instances of each of
the other 8 circles, also presented randomly.

Group patterns

To examine the temporal dynamics of perception and perceptual memory of
the stimuli presented in the learning stage, a normal distribution model was
formulated to estimate block-level parameters, including the overarching
mean (u) and standard deviation (o) for both threat and safety stimuli. This
estimation was performed with a multilevel structure for the size estimation
data collected during all stages of the experiment: the fear learning and
generalization stages (z = 1) and the size reproduction (z = 2) and estimation
data (z = 3) in the memory stage (see also Fig. 2). These parameters were
estimated separately for distinct conditions of physical size (S3 or S8, indexed
as k € {1, 2}) and whether threat is associated (CS+ or CS—, indexed as [ €
{1, 2}) and blocks (5 blocks, indexed as m € {1, 2, 3, 4, 5}).

Between each block, the parameters d,,, and J,,, were utilized to
govern block-level changes in yy, and ok, (we transformed oy, to a
logarithmic scale). For any of the three subdata (z = 1 for the fear learning
and generalization stages; z = 2 for the size reproduction in the memory
stage; z = 3 for the size estimation in the memory stage):

Sizeg,, ~ N (s Tim) ¢y

with
[’lkl‘m+l = /’lklm + 8;4,7:17 (2)

and
i = (i) +05 3)

Higher-level priors (i.e., hyperpriors; see Table 1) are assigned to the
parameters &, ,,, (with 5, and as, )and &, (withy; and o ), which govern
the block variations of 4/ and In(o), respectively. These hyperpriors encap-
sulate information regarding general temporal change patterns rather than
capturing specific differences between individual blocks. They serve as a
means to incorporate broader knowledge about the overall trends in tem-
poral variations, enhancing the model’s capacity to generalize and adapt to

Table 1 | Priors specification for the descriptive model

Parameter Prior Hyperprior
First block y Uit ~ N(Sk, 20%)

First block o ox1 ~ LN(3, 0.57)

Block variationy 8, ,, ~ N(u;,,03 ) ps ~ N(0,20%)

Udl ~ Half — Cauchy (0, 2)

Block variationo 5, ,, ~ N(u;, ,0% ) #s, ~ N(©0,5%)

a5, ~ Half — Cauchy (0, 2)

Skis the physical size of S3 and S8, which are 66.048 mm (k = 1) and 104.168 mm (k = 2), respectively.

overarching patterns in the data, rather than focusing on isolated block-
specific distinctions.

Perceptual dynamics: computational modeling

To model the data, we formulated a computational model rooted in foun-
dational tenets of the Bayesian brain theory to estimate the dynamics of
individual perception through the experiment. Specifically, we employed a
one-dimensional state space model, which leads to time-dependent per-
ception, based on the Kalman filter™. Notably, a similar model has found
application within the realm of human perception studies”. The directed
acyclic graph structure’” as depicted in Fig. 8a graphically illustrates the
connections between different parameters and variables. The relevant data
employed in this investigation includes the size estimation data Size’y' of all
stimuli in both acquisition and generalization stages (i € {1, ... ., 80} refers to
the participant, j € {1, . .., 180} refers to the trial).

Central to the model is the concept that, at any given temporal instance,
two key perceptual sources jointly contribute to shaping the prevailing
perception: the sensory likelihood and the perceptual prior. The dominance
of either source in shaping perception is contingent upon the relative
uncertainty inherent in each source. Moreover, as individuals gain more
perceptual experiences, there exists the potential for a gradual reduction in
the uncertainty of the perceptual prior, consequently leading it to exert a
more pronounced influence on the ongoing perception. In essence, with the
current model, the idiosyncratic, inferential and probabilistic nature of
perception is underscored, with a continuously evolving interplay between
perceptual expectations (prior) and incoming sensory information.

The sensory likelihood in the model encapsulates the process of
translating sensory inputs into psychological values, effectively capturing
the overarching patterns inherent in the physical-perceptual relationship. A
non-linear logistic function with two scaling parameters f3,; and f;; is
implemented to capture the diverse possibilities of this physical-perceptual
relationship:

Q
S _
i = e GortBXy” )

where the superscript S refers to the sensory information. With sensory
uncertainty, the sensory translation is formulated as a normal distribution:

vy~ N (508 ®)

Here, the variable Q denotes the range of the measurement scale. In the
context of this study, the size estimation measurement falls within the range
of [0, 200], which implies that Q equals 200. The variable X denotes the
physical quantity of presented stimulus (50.80 to 119.42 mm, spaced at
intervals of 7.624 mm). The parameter aisq represents sensory uncertainty,
where g = 1 corresponds to the threat-associated stimulus, and g = 2 cor-
responds to other stimuli. Higher sensory uncertainty implies a stronger
tendency to prone to perceptual prior, and vice versa. We computed the
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Fig. 8 | DAG. The graphical relationship among variables and parameters in the model for the computational models of perception (a) and generalization (b).

proportion of sensory uncertainty for the fear-conditioned (¢%,) and other
Sy i1 O
(o) stimuli ( 3 +10f1

) to investigate whether the threat-associated stimulus

elicits varying degrees of reliance on prior information compared to the
stimulus without threat. A proportion value exceeding 0.5 indicates that
fear-conditioned stimulus elicits a higher susceptibility to the perceptual
prior, and conversely.

Regarding the perceptual prior, we tested two assumptions concerning
its source. The first assumption posits that the perceptual prior corresponds
to the mean of the most recent perceptual distribution, expressed as ;41
u i1 (corresponding to the well-known Bayesian adagio: yesterday s
posterior is today’s prior’, where ¥ denotes the mean of the perceptual
posterior). The second assumption posits that the perceptual prior is
intrinsically linked to the mean of the sensory transformation, establishing
‘ug = u3. In this context, the perceptual prior mean is constant across trials j
for each individual i, reflecting the averaged sensory transformation across
all stimulis. To discern which assumption garners stronger support from the
data, a mixture structure has been integrated within the model, enabling the
data to potentially stem from either of the two assumptions:

v _
Hij—1 form; =1,

~ ()
His

P
‘u.. =
’ form; = 2.

The probability parameter 7, governs the extent to which each assumption
receives support from the data.

Simultaneously considering the perceptual likelihood and prior, the
iterative updating process initiates the formation of the current perceptual

distribution, amalgamating the internal world belief with the incoming
sensory information. Driving the updating mechanism for the perceptual
mean is the Kalman gain «;;, encapsulating the relative uncertainties linked
to the two perceptual sources:

ul = i + Ry — ), @)
with
P
i
- , 8
s ®)

At each time point, the current mean of perception [AU is the sum of the
current perceptual prior mean [,t,] and the werghted difference between the
translatlon of the ongoing sensory input 4 $ and the current perceptual prior
ur. ji- The determination of the weighting parameter, the Kalman gain «;,
hlnges on the ratio of the uncertainty of the present perceptual prior and the
sum of the ongoing sensory translation and perceptual prior. Notably, the
Kalman gain «;; ranges between 0 and 1, with values exceeding 0.5 implying
a stronger influence of the ongoing sensory information on the current
perception, while values below 0.5 indicate that the perceptual prior serves as
the primary driver for the current perception.

Given the absence of system process noise, the current internal
uncertainty, denoted as 0}‘-’, is presumed to decrease with the accumulation
of perceptual experiences”, as outlined by the expression (1 — K,])a, -1
However, recognizing the empirical complexities surrounding the notion of
the perceptual prior gradually outweighing the perceptual likelihood and
considering the unanswered empirical questions about the source of the
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Table 2 | Prior and hyperprior distributions for various
parameters in the perception model

Parameter Prior Hyperprior
Sensory scaling Boi ~ N(“ﬂo‘r g%o) g, ~ N(0,5%)
By~ LN (g, ,05) pg, ~ N (=8,2%)

g, ~ Half — Cauchy (0,2)
g, ~ Half — Cauchy (0,2)

Sensory uncertainty oS ~ LN (Mu§~0§s) tys ~ N(0,5%)
1
0% ~ LN (g8, 02) Hos ~ N(0,5%)

0,5 ~ Half — Cauchy (0,2)

Process noise forgetting w; ~ LN (u,,02) #, ~ N(=5,5%)

, ~ Uniform (107°, 1)

Initial process noise n~ LN(@2,1)

Prior source allocation m; ~ Bernoulli(nw) m, ~ Beta(1,1)

perceptual prior, we introduced system process noise into the updating
process. This step accounts for the possibility that individuals may con-
sistently lean more toward relying on the perceptual likelihood.

o =01-

i Kij)o:-’;-_l + peerG=D, )

Subsequent to the updating process, the model will estimate a per-
ceptual mean ‘ul] and standard deviation ¢}/ j at each time point. Conse-
quently, the perception at time j for individual 4, denoted as y;;, is assumed to
follow a normal distribution characterized by these two parameters:

SlzeA" ~ J\/'(‘u,], a} ) (10)

The model incorporates a multilevel structure that comprehensively
integrates individual and group-level information for parameter inference. The
individual-level prior and the group-level hyperprior employed in this study
are shown in Table 2. In light of the limited understanding of the process under
investigation, we employed weakly informative hyperpriors in this study.

Links to fear generalization behavior

For the final investigation, our objective is to explore whether the individual
dynamics of perception and perceptual memory influence fear general-
ization behavior (panel b, Fig. 8). To accomplish this, we modified the
previously constructed computational model in generalization®, which
dynamically integrates associative learning™ and similarity-based general-
ization processes®’.

The relevant data employed in this investigation includes the US
expectancy data Expectancy;; (i € {1, .. ., 80} refers to the participant j€E
{1, ..., 180} refers to the trial), the estlmated perceptual mean yy, and
standard deviations ¢, j derived from the computatlonal model of percep-
tion, and the individial perceptual memory mean ‘u fm (k €1{1, 2} signifies S3
orS8,le {1, 2} represents CS+ or CS+,and m €{1, 2, 3,4, 5} denotes the five
blocks) and ,uz 1m and standard deviation afn and a:pm estimated with the size
reproduction (¢;) and estimation data (¢,) in the memory task.

The fundamental assumption of the model is that, at each time point,
individuals generalize their previous learning to the next context based on
their generalization tendency and either the physical distance or perceptual
distance between the newly encountered stimulus and the previously
learned context. The model quantifies previous learning through individual
learning speed and the disparity between the current expectation and the
actual outcome, known as the prediction error.

At the very beginning, with no ongoing learning, individuals are
assumed to have no expectations (v;) about the stimulus-outcome rela-

CS+andr;; € [-1,0] for the CS—). The prediction error is then calculated as
;7 — ;. Since we assume that learning only occurs during the trials of the
conditioned stimuli, another variable k,»j is used to represent the occurrence
of CS(s). When there is a new interaction with the conditioned stimulus, the
expectation v; will be updated:

Vi = Vi oy — vk (11)
In the context of threat learning, we denoted the predictive strength of threat
(ie., excitatory strength) as v;-“, where v;-' € [0, 1]. Conversely, in safety
learning, we denoted the predictive strength of threat absence (i.e., inhibi-
tory strength) as Vi wnere vj € [.—1, 0]. .

Once an expectation is established (Jv;| > 0), it can be transferred to
newly encountered contexts with the aid of the generalization rate para-
meter ;. The generalized associative strength is assumed to exponentially
decrease with the increasing stimuli distance. Hence, a higher value of A,
indicates less generalization behavior, and vice versa:

. —Ad,
g =ve .

(12)
In the context of the differential learning paradigm in this work, the para-
meter g; is constrained within the range of [—1, 1]. This constraint arises
from the interaction between excitatory and inhibitory generalized
strengths, expressed by the equation g; = vie~ M g givie —hidy 9,

In Yu et al.”, the model incorporates a mixture structure to 1dent1fy
latent groups based on patterns of generalization behavior. In situations
where learning does not occur, individuals are identified as Non-Learners
(my,;= 1), leading to v;; consistently being 0. This prevents the generalization
process, as there is no acquired associative strength to be extended. If
learning occurs (|v;| > 0), yet the generalization tendency is excessively
strong due to an extremely small generalization rate A; individuals are
identified as Overgeneralizers (m,; = 2). In this case, 70% of the learned
associative strength persists even when encountering the most distant sti-
mulus. For these two latent groups, the generalized response remains
independent of the stimulus distance d;;.

In instances where both learning and generalization processes operate
normally, the model investigates the degree to which generalized patterns align
more with the physical stimulus features (Physical Generalizers, m; ; = 3) or
the perceived stimulus features (Perceptual Generalizers, m,; = 4). For Phy-
sical Generalizers, the stimulus distance between the currently encountered
stimulus (TS) and the conditioned stimuli (CSs) is determined as follows:

dy = x© —x|. (13)

where d;; is the physical distance (x® represents the physical coordinate of
the conditioned stimulus (CS), while x; i $ signifies the physical coordinate of
the currently encountered stimulus (TS) on trial 5).

Conversely, Perceptual Generalizers function uniquely within the
perceptual dimension, introducing an additional mixture component in this
study to compare three assumptions regarding perceptual distance. First, the
perceptual distance is characterized by the overlapping region between the
current perceptual distribution and the most recently encoded CS(s) per-
ceptual distribution (1, ;= 1). Second, the perceptual distance is represented
by the overlapping region between the current perceptual distribution and
the memory distribution estimated by the size reproduction data in the
memory task (m,; = 2). Third, the perceptual distance is depicted by
the overlapping region between the current perceptual distribution and the
memory distribution estimated by the size estimation data in the memory
task (my; = 3):

1 — [ min(f; (x),fzw(x))dx form,; =1,

tionship (v;;=0). The speed at which individuals update their expectations of d; = { 1— [min(f, (x), f2¢1 (x))dx form,, =2, (14)
the stimulus-outcome relationship is embedded in the learning rate para- ’ ) 5, '

meter « € [0, 1]. The outcome variable is denoted as r;; (r; € [0, 1] for the 1 — [min(f,(x), f,*(x))dx form,; = 3.
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Table 3 | Prior and hyperprior distributions for parameters in the generalization model

Parameter Prior Hyperprior
Learning rate o; =0, formy; =1 8y = PoKy
o; ~ Beta(a,,b,), otherwise b, =1 —ux,

u, ~ Beta(1,1)
. ~ Uniform(1,10)

Generalization rate 4 =0, form;; =1

A~ NGy, 05 )T(1072 Ay ), formy = 2
A ~ NGy, 09T Qi > 00), Otherwise

Cy=1,formy; =3
C, =2, otherwise

A1 ~ LN(=2,0.5)T(0, 00)
A2 ~ LN(1,0.5)T(0, 00)
A2 4 ~ Uniform (10~°,0.5)
A2, ~ Uniform (1072, 3)
—In(0.7)

53.368
~In(0.7)

A\im\t,

limit,

. N 2
Baseline response Woi ~ Nty 0w,)

thwy ~ N(0,10°)
Oy ™~ Half — Cauchy (0, 2)

Scaling wy; ~ Gamma (@, , by, )

a,, ~ Half — Cauchy (0,2)
b, ~ Half — Cauchy (0,2)

Response noise

o4 ~ Half — Cauchy(0,2),form,; = 2,3,4
0, ~ Half — Cauchy(0, 2), otherwise

Perceptual distance allocation

my ; ~ Multinomial (1, 774 1, 774 2, 771 3)

741,74 2,7 3 ~ Dirichlet(c(1,1,1))

3
with Yy ; = 1
i=1

Latent group allocation

my ; ~ Multinomial (1, 712 1, 712 2, T2 3, T2 4)

Ty 1. a2, Mp 3, Mp 4 ~ Dirichlet(c(1,1,1,1))

4
with 3" 7, = 1
i=1

The notation T(s,t) denotes truncation that limits the probability distribution to the range between s and t.

where f; is the perceptual distribution and f, is the perceptual memory
distribution. In order to determine the overlapping regions of two dis-
tributions, involving the calculation of the integral encompassing the
minimum of their respective probability density functions across the entire
range, we employed a numerical approximation method using Monte Carlo
simulation. This approach involved generating a set of random points
within the defined range, enabling the estimation of the proportion of points
that fell within the overlapping region. This method allowed us to provide an
estimate of the corresponding area without resorting to direct integration.

The final step in the generalization model involves transforming
the latent response into the observed response. To achieve this, a sig-
moid function is applied to map the latent generalized expectation g;; to
the consistent behavioral measurement scale of the US expectancy
response:

Q
i = 1+ e*(wo.erWl.xg,]) : (15)
here, in this study, the US expectancy response is measured on a scale
ranging from 0 to 100, denoting Q = 100.
The presumed distribution of the final generalization response follows
a normal distribution, where 91-]- serves as the mean:

Expectancy; ~ N (9,-]-, 02).

(16)

Similar to the computational model on perception, this model also
adopts a multilevel structure to account for information across various
layers. In addition, we employed a weakly informative hyperprior to signify
our limited understanding of the underlying process, as illustrated in
Table 3.

Statistical inference

All statistical inferences for the analysis were conducted using the Gibbs
sampling method through JAGS'”, employing Markov Chain Monte Carlo
(MCMC). The analyses were executed with specific settings: four MCMC
chains were run, each comprising 100,000 iterations. To ensure sampling

stability and optimize data storage, a burn-in period of 75,000 iterations and
a thinning factor of 10 were employed, resulting in 10,000 retained samples
per parameter (w X 4).

Convergence of parameter sampling was evaluated through visual
inspection for irregular chain patterns and by checking the R value, which
was required to be below 1.1, based on Gelman and Rubin diagnostics'”™'".

For all post-sampling analyses, the statistical computing language R'*’

was utilized, along with the R package jagsUI'” to interface with JAGS in R.

Data availability

The raw and processed data for the experiment in this study can be accessed
at the following Open Science Framework (OSF) repository: https://osf.io/
8qxu3/.

Code availability

The code for the computational model and analysis, as well as supple-
mentary information with additional information about the model and
results, can be found at the same repository as the data: https://osf.io/8qxu3/.
The Bayesian sampling is conducted with JAGS (version 4.3.1), and the
post-sampling analysis and visualization are conducted with R (ver-
sion 4.3.0).
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