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Abstract

How do we decide what to look at and when to stop looking? Even very young infants engage
in active visual selection, looking less and less as stimuli are repeated (habituation) and
regaining interest when novel stimuli are subsequently introduced (dishabituation). The
mechanisms underlying these looking time changes remain uncertain, however, due to limits
on both the scope of existing formal models and the empirical precision of measurements of
infant behavior. To address this, we developed the Rational Action, Noisy Choice for
Habituation (RANCH) model, which operates over raw images and makes quantitative
predictions of participants’ looking behaviors in a classic visual habituation paradigm. In a
series of pre-registered experiments, we exposed infants and adults to stimuli for varying
durations and measured looking time to familiar and novel stimuli. We found that these data
were well captured by RANCH. Using RANCH’s stimulus-computability, we also tested its out-
of-sample predictions about the magnitude of dishabituation in a new experiment in which
we manipulated the similarity between the familiar and novel stimulus. By framing looking
behaviors as rational decision-making, this work identified how the dynamics of learning and
exploration guide our visual attention from infancy through adulthood.
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1 Introduction

From birth, humans engage in active learning. Even before they gain independent mobility,
infants make choices about what to look at and when to stop looking [22     , 44     ]. Developmental
psychologists have both studied this process of visual decision-making as a phenomenon itself and
also relied on it as a key methodological tool. Two key phenomena have been especially important:
habituation and dishabituation. Habituation occurs when infants show reduced interest upon
repeated exposure to the same stimulus, whereas dishabituation entails renewed interest
following the subsequent introduction of a novel stimulus. Dishabituation, also known as novelty
preference, is often leveraged to infer infants’ perceptual and cognitive abilities [2     , 3     , 17     ]:
in order for an infant to dishabituate, they must distinguish between the original stimulus and the
novel one. Despite the robust documentation of habituation and dishabituation in the literature,
the mechanisms underlying these changes in gaze duration remain poorly understood. In this
paper, we bridge this gap by introducing a rational model of visual habituation and
dishabituation. We show that this rational model quantitatively predicts looking times toward
different stimuli in visual habituation paradigms.

An important early conceptual model of infant looking time by Hunter and Ames posited that
habituation and dishabituation are influenced by the amount of information to be encoded by the
infants [26     ]. Initially, infants are assumed to look longer at stimuli containing learnable,
unprocessed information, showing a familiarity preference shortly after initial exposure (Figure
1A     ). As exposure accumulates, less information remains unprocessed, leading to shorter looking
time at the original stimulus; by comparison, relatively longer looking times to a new stimulus are
predicted (i.e. novelty preference). While this model has had significant influence, the absence of
specificity regarding the encoding process and a way of measuring the amount of information to
be encoded in a stimulus have both permitted the model to be used in post-hoc explanations of
looking time measurements. Due to this lack of specificity, researchers can allude to this model to
argue that infants fell on the part of the preference curve most consistent with the observed data
pattern. This interpretive ambiguity has spurred repeated concerns regarding whether looking
time measurements should form the basis for key assertions in developmental psychology [8     ,
23     , 40     ]. To address this criticism, developmental psychology needs formal models that make
quantitative predictions, beyond the qualitative foundations of the Hunter and Ames [26     ]
model.

Recent computational models have taken steps towards formalizing the mechanisms underlying
looking time changes. One family of models characterizes infants’ looking behaviors through
information-theoretic metrics derived from ideal observer models: the models acquire probability
distributions from event sequences and derive information-theoretic measures from the ideal
learner’s belief before and after each event [30     , 41     , 42     ]. For instance, Kidd, Piantadosi, and
Aslin [30     ] found that an ideal learner’s surprisal at an event was related to infants’ looking
behavior via a U-shaped curve: infants were least likely to look away when the surprisal of the
event was neither too high nor too low (Figure 1B     , model predictions derived in Supplementary
Information, Figure 8).

While these models provide quantitative fits to variation in looking time, they are not models of
how an agent makes the decisions of whether to keep looking at the same stimulus or to look at
something else. Rather than producing the target behavior directly, these models describe
correlations between model-derived, information-theoretic measures and infants’ overall looking
towards whole sequences of events. Relatedly, these models do not explain why infants would ever
look at one single stimulus for a long time, rather than encode it instantaneously – there is no
account of perceptual noise to be overcome by taking multiple perceptual samples that would
justify why looking extends over time [c.f. 9, 29     ]. Owing to this constraint, these models can only
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Figure 1

Conceptual models of looking to familiar vs. novel
items according to three models of infant attention.

(A) The partial encoding model proposed by Hunter and Ames [26     ] which suggests a shift from familiarity to novelty
preferences, (B) The Goldilocks model proposed by Kidd et al [30     ] which suggests that infants prefer to attend to
intermediately surprising events, and (C) the ‘optimal curiosity’ model introduced by Cao et al [10     ] which suggests that
infants are maximizing expected information gain from noisy perceptual samples.
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be used to predict infant behaviors in a specific paradigm: looking to a continuous stream of
discrete stimuli. Thus, existing models are challenging to generalize to the more common looking
time paradigms, in which infants gradually habituate to an individual object or event, and then
dishabituate to a new exemplar.

To address these issues, we developed the Rational Action, Noisy Choice for Habituation (RANCH)
model [10     ]. While habituation is a broadly studied phenomenon across cognitive domains –
including language acquisition, probabilistic learning, and concept formation – our focus here is
on visual habituation, where infants adjust their attention based on repeated exposure to a visual
stimulus. Notably, this domain contrasts with the event-based paradigms used in prior modeling
work [30     , 41     , 42     ], but corresponds well with a substantial portion of the infant habituation
literature.

RANCH describes an agent’s looking behavior as rational exploration based on a sequence of noisy
perceptual samples. The model construes the looking time paradigm as a series of binary
decisions: to keep sampling from the current stimulus, or to look at anything else. The model
makes sampling decisions based on the Expected Information Gain (EIG) of the upcoming
perceptual sample, choosing to keep looking or look away based on which one would in
expectation yield the most information. The RANCH model is therefore a rational analysis of
looking behavior [34     , 37     , 1     ]: looking is analyzed as optimally adapted to extract
information from the environment, given specific constraints on processing (e.g., perceptual
noise).

Crucially, RANCH is the first stimulus-computable model of habituation, allowing us to derive
quantitative predictions from raw visual stimuli. Previous theoretical accounts have described
broad principles of habituation, but they do not generate testable, trial-by-trial predictions of
looking behavior. As a result, direct comparisons between RANCH and these models remain
challenging: existing models do not specify how an agent decides when to continue looking or
disengage, nor do they provide a mechanistic link between stimulus properties and looking time.
By explicitly modeling these decision processes, RANCH moves beyond post-hoc explanations and
offers a computational framework that can be empirically validated and generalized to new
contexts.

We previously validated this rational analysis using a large dataset of adults engaging in a self-
paced looking paradigm. We asked adults to look at sequences of stimuli consisting of a repeating
familiar stimulus (resulting in habituation), and a single, novel stimulus after varying exposure
durations (resulting in dishabituation). Effects of prior exposure and novelty on adults’ looking
time were well captured by RANCH [10     ]. Figure 1C      shows schematic predictions of RANCH
for the experimental setting described above: variable prior exposure to a familiar stimulus,
followed by a novel or a familiar stimulus. Rational exploration of a simple perceptual concept
results in a monotonic decrease of attention to familiar items as a function of prior exposure.

Here we directly tested hypotheses about the processes underlying infants’ looking time. To do so,
we addressed three challenges. A first critical challenge for differentiating formal theories of
looking time in infants is that looking time measurements are typically imprecise estimates, due to
low test-retest reliability and small sample sizes [45     , 36     ]. In the current work, we developed a
novel, within-subject experimental design that allowed us to sensitively measure infants’ looking
time in experiments. In our first experiment, we used this paradigm to measure the dynamics of
habituation and dishabituation across different amounts of exposure to a stimulus. Beyond
validating RANCH’s predictions in infants, this paradigm enabled us to conduct interpretable
developmental comparisons of parameter fits between infants and adults – since we can conduct
matched experiments in adults – thereby identifying the processes underlying looking time that
may change over development.

https://doi.org/10.7554/eLife.102713.2
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A second critical challenge for differentiating theories has been their stimulus-dependency.
Researchers can rarely make quantitative predictions about how people would respond to
different visual stimuli; even previous computational models have relied on using arbitrary
representations that were not directly generated from the stimulus materials [e.g. object location,
30, hand-specified binary feature vector, 10     ]. To address this issue, we incorporated recent
progress in convolutional neural networks (CNNs) to allow RANCH to learn from raw images. The
representations of many trained CNNs show striking similarities to how primate brains respond to
stimuli, and investigating the representations of CNNs has therefore offered insights into how the
visual system encodes objects [14     , 25     , 53     ]. The activations of these brain-inspired neural
networks form embedding spaces, each of which can be seen as a quantitative hypothesis about
how humans embed objects in a lower-dimensional perceptual space [46     ]. In RANCH, we
leveraged these principled stimulus representations to enable RANCH to learn from raw images.
In other words, RANCH can ‘see’ an experiment in a way similar to infants, and make predictions
for each unique trial.

A final challenge is the generalizability of models to new contexts. Because RANCH can be applied
across stimulus sets without additional assumptions, we were able to test its predictions in a new
dataset. To conduct these tests, we fit RANCH’s parameters to the dataset from the initial
habituation-dishabituation experiment. Then, we used the best-fitting parameters to generate
predictions for a new experiment designed to measure differences in dishabituation magnitude. In
this experiment, we systematically varied the similarity between the familiar and novel stimulus
such that the novel stimulus differed in its pose angle, number, identity, or animacy. This
experiment tested a prediction derived from many theories of habituation and dishabituation
[26     , 19     ]: that observers’ dishabituation magnitude should be related to the similarity between
the habituated stimulus and the novel stimulus. The more dissimilar two stimuli are, the more one
should dishabituate to the novel stimulus.

Addressing these three challenges allowed us to empirically test competing hypotheses about
habituation and dishabituation using our experimental data (Figure 1     ). However, because
existing models do not generate quantitative predictions, we could not directly compare RANCH to
alternative computational models. Instead, we evaluated whether RANCH accurately captured key
behavioral patterns in looking time.To preview our results, we found that RANCH provided the
best description of behavior in Experiment 1, in which we systematically varied prior exposure to
a stimulus before measuring looking time to either the same, familiar stimulus or a novel
stimulus. Fitting RANCH to infant and adult data separately and comparing the best-fitting
parameters revealed that infants’ learning was tuned for noisier processing than adults. Then,
using these best fitting parameters, we generated predictions for a novel task used in Experiment
2 in which we varied the similarity between the familiar and novel stimulus. RANCH generalized
to a novel task context by predicting the dishabituation magnitude as a function of stimulus
dissimilarity. Together, these model fits provide evidence that habituation and dishabituation to
sequential visual stimuli are well described by a rational analysis of looking time. All materials,
including the code and data, are available at the project OSF page: https://osf.io/d7jz8/     

2 Rational Action, Nosy Choice for Habituation model

The Rational Action, Noisy Choice for Habituation model (RANCH) is a Bayesian perception and
action model in which a learning model is used to derive optimal perceptual sampling decisions
[10     ]. In RANCH, the learning problem in habituation is conceptualized as learning a visual
concept – a single representation underlying a group of observed stimuli. The model learns by
observing a series of noisy perceptual samples from each stimulus. During learning, the model
makes decisions about how many samples to receive from each stimulus before moving to the
next stimulus. We treat the number of samples for each stimulus as being linearly related to
looking time duration.

https://doi.org/10.7554/eLife.102713.2
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RANCH provides a probabilistic framework for making perceptual decisions. In this section, we
will describe the three modular components of RANCH: the perceptual representation, the
learning model, and the decision model.

2.1 Perceptual representations
We used the deep convolutional neural network (CNN) ResNet-50 to encode the stimuli used in
behavioral experiments. ResNet-50 is a standard architecture that is widely used in computer
vision as well as in comparisons to human behavior [24     , 32     ]. A total of 50 layers are
implemented in this architecture: it starts with a convolution layer, includes several groups of
residual blocks that help preserve information through the network, and ends with a global
average pooling layer and a fully connected layer for classification. We used a version of ResNet-50
that was pretrained on ImageNet [13     ]. Training on ImageNet optimizes the ResNet-50’s
activations for image classification, and we can use these activations as a perceptual embedding
space. When we pass new stimuli through a pre-trained network, we extract these activations to
obtain principled embeddings of stimuli (Figure 2A     ). We use the first three principal
components of the embedding space to limit the dimensionality of the downstream learning
problem (ResNet-50 is by no means the only possible method for deriving perceptual
representations; instead it is a simple, standard choice. We also explored alternative models, such
as a CNN trained on egocentric videos from the child’s perspective and CNN whose representations
were aligned to human categorization behavior [38     , 33     ]. However, we did not find
substantial differences between the embedding spaces provided by ResNet-50 and other (often
more complicated) models (Supplementary Information, Figure 12).).

2.2 Learning model
RANCH models looking behaviors in habituation experiments as hierarchical Bayesian concept
learning [20     , 51     ]. The concept to be learned is a multivariate normal distribution
parameterized by µ, σ, which represents beliefs about the location and variance of the presented
concept in the embedding space. The concept µ, σ generates exemplars y, which is equivalent to
the stimulus seen by the human participants. But RANCH does not directly learn from the
stimulus. Instead, it learns from the series of noisy perceptual samples  generated by the
exemplar. The noisy perceptual sample is corrupted by zero-mean gaussian noise, represented by
ϵ. A plate diagram is shown in Figure 2B     . At each time step, the model uses one perceptual
sample to update its representation of the concept, following Bayes Rule:

2.3 Decision model and linking hypothesis
The Bayesian learning model provides estimates of the target concept based on the observed data,
but it does not contain a decision rule for whether to keep sampling from the same stimulus or to
move on to the next stimulus. To make this decision, RANCH uses the expected information gain
(EIG) of the next perceptual sample. EIG is a metric used under the rational analysis of
information-seeking behavior [1     , 37     ], and is computed as the expected value of the KL
divergence between the hypothetical posterior at the next timepoint t + 1 and the current
posterior. Formally: EIG = Et+1(KL(P (µ, σ | zt+1), P (µ, σ | zt))). RANCH then uses a softmax choice
(with temperature = 1) between the EIG of the next sample and a constant, which is assumed to
represent the amount of information gain provided by the environment when the learner looks
away from the stimulus. An algorithm table describing the overall sampling procedure is shown in
Figure 2C     .

https://doi.org/10.7554/eLife.102713.2
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Figure 2

Three components of RANCH.

(A) Perceptual representation: we plotted the first two principal components of stimulus embeddings from ResNet-50 final
layer activations, (B) Learning model: plate diagram for Gaussian concept learning from noisy observations, (C) Decision
model: RANCH repeatedly samples until environmental EIG outweighs EIG from another sample from the same stimulus.

https://doi.org/10.7554/eLife.102713.2
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2.4 Implementation
RANCH has four free parameters: the learner’s priors over the concept to be learned (µ, σ), the
learner’s priors over their perceptual noise (σϵ) and the constant representing EIG from the
environment (EIGenv). We conducted a grid search over these parameters.

While simple Gaussian concept learning models can be computed analytically, hierarchical models
must be approximated numerically; the addition of perceptual noise to our model puts it in the
latter category. We used a grid approximation for inference, creating discrete grids over µ, σ, y
(exemplars) and z (noisy samples) to perform inference. Further, because the EIG computation
requires computing an expectation over possible next observations, we approximated this
expectation via a grid of possible next observations.

In the simulations below, we ran RANCH for each stimulus ordering. To remove approximation
noise resulting from the grid approximations and the stochastic nature of the sampling algorithm,
we averaged model results for each stimulus and parameter setting over 100 runs. To avoid bias,
these 100 simulations used 20 different random perturbations to the approximation grids such
that the exact location of the points in the grids was randomly shifted by small increments. We
used the average number of samples the model decided to take from each stimulus as a proxy for
looking time.

This process required significant computational resources. The grid approximation, combined
with repeated simulations, demanded high-performance cluster GPUs to perform vectorized
computation using a PyTorch implementation of our model. Running a single parameter setting
through an experiment took approximately 10 hours on a GPU. By distributing different
parameter settings across ∼15 GPUs at a time, a full parameter search took about 3 days to
complete.

3 RANCH predicts habituation and
dishabituation in relation to exposure duration

The competing models of habituation and dishabituation shown in Figure 1      make contrasting
predictions with regard to the effect of increasing prior exposure on looking time. To directly test
these predictions, we collected looking time data from both infants and adults in an experiment
where we varied cumulative exposure to a familiar stimulus, and measured subsequent looking
time to a novel or familiar stimulus. We then let RANCH “see” the same stimulus sequences used in
our behavioral experiments and compared our model’s behavior to that of humans.

3.1 Behavioral experiments

3.1.1 Infant experiment

We tested infants in a novel experimental paradigm in which exposure duration to the familiar
stimulus was manipulated in a within-subject design shown in Figure 3      (Experiment 1, Infants).
Infants were recruited remotely and tested on Zoom video chat software; this testing method
increased the efficiency of recruitment and has been shown to yield comparable effect sizes to in-
person testing [12     , 11     ]. Each infant saw six blocks. In each block there was an exposure phase
and a test trial. During the exposure phase, an animated animal (designated the familiar stimulus)
was presented 1 to 9 times. Next, infants’ looking time was measured on a test trial. The test trial
showed either the familiar stimulus, or a novel animal. We ran three versions of this experiment,
each with three different numbers of exposure events. We tested a combined sample of 103 7-10

https://doi.org/10.7554/eLife.102713.2


Gal Raz et al., 2025 eLife. https://doi.org/10.7554/eLife.102713.2 9 of 43

month old infants, with 31 infants in the first sample (0, 4 or 8 exposure events), 35 infants in the
second sample (1, 3 or 9 exposure events) and 37 infants in the third sample (2, 4 or 6 exposure
events; total n=103, Mage = 9.38 months, 47 female).

3.1.2 Adult experiment

We ran a self-paced looking time experiment on Prolific, collecting data from 470 adult
participants (Experiment 1, Adults; see Figure 3      for design). Stimuli used in the adult
experiment were drawn from the same set used in the infant experiment. During the experiment,
participants were asked to watch sequences of stimuli at their own pace, and they could press a
key to proceed to the next stimulus whenever they wanted to. The time between the onset of the
stimulus and the key press was used as a proxy for looking time. Each sequence began with a
familiar stimulus repeating 1 to 10 times, followed by either the same familiar or a novel stimulus.

3.1.3 Modeling Procedure

RANCH received the ResNet-50-derived stimulus embeddings as input, presented in sequences
mirroring the structure in our infant and adult experiments (Figure 3     ). To simulate a block of
the infant experiment, the model was first presented with the “familiar” stimulus. For each
stimulus, the model took 5 samples each and then moved on to the next stimulus. This phase was
designed to be the exposure phase infants went through, since during the exposure phase infants
had no control over the progression of the stimulus sequence. After the exposure phase, the model
was presented with the test trial, which was either familiar or novel. We used the number of
samples the model took on this test trial as a proxy for infant looking time. To simulate the self-
paced adult experiment, we computed the number of samples taken by RANCH on every trial in
each stimulus sequence.

3.2 Behavioral and model results
The paradigm successfully captured habituation in both infants and adults. In infants, as the
number of trials in exposure phase increased, the looking time at the familiar stimulus in the test
trials decreased (β = -4.55; SE = 0.92; t = -4.92; p < 0.001). Infants clearly dishabituated on trials with
longer exposures, looking longer at the novel stimulus than the familiar stimulus after long
exposure (8 exposures: β = 0.82; SE = 0.22; t = 3.81; p < 0.001, 9 exposures: β = 0.51; SE = 0.12; t =
4.21; p < 0.001). The adult experimental paradigm also successfully captured habituation and
dishabituation (Trial number: β = -0.01; Trial Type: β = 0.22; Both SE < 0.001; Both p < 0.001). We
found no evidence for familiarity preferences or non-linearities in the shape of the dishabituation
curve in infants or adults (cf. Figure 1A&B     ).

RANCH predictions qualitatively matched habituation and dishabituation in both infants and
adults. To quantitatively evaluate these predictions, we fit a linear model (adjusting model-
generated samples by an intercept and scaling factor) and then assessed two complementary
metrics. First, the root mean squared error (RMSE) captures the absolute error in the same units as
looking time. Second, the coefficient of determination (R2) measures the relative variation in
looking time that is explained by the scaled model predictions. Since each metric relies on
different assumptions and highlights distinct aspects of predictive accuracy, they together provide
a more robust assessment of model performance. We minimized overfitting by employing cross-
validation – using a split-half design for infant data and ten-fold for adult data – to compute both
RMSE and R2 on held-out samples. Cross-validation provides numerical estimates of out-of-sample
generalization performance that can be used for numerical model comparison.

https://doi.org/10.7554/eLife.102713.2
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Figure 3

Experimental design for Experiments 1 and 2, infants and adults.

The vertical line separates the exposure phase and the test trial. Experiment 1 varied exposure to a stimulus and measured
looking to familiar or novel stimuli. Experiment 2 varied how the familiar stimulus was violated, by changing the pose,
identity, number or animacy of the stimulus. Infants had fixed prior exposure durations (5 second per exposure) and looking
was measured until a 2-second lookaway. Adults responded on each trial via a keypress to continue to the next trial.

Table 1

Cross-validated RMSE across linking hypotheses and lesioned models.

Mean RMSE and R2 is averaged across all parameter values, best RMSE and R2 is the single best-performing parameter set.

https://doi.org/10.7554/eLife.102713.2
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3.3 Comparison with alternative linking hypotheses
Here we evaluated different ways of specifying RANCH’s decision-making mechanism (i.e.,
different “linking hypotheses” within RANCH). EIG is the optimal method for making sampling
decisions [35     ]. We compared this method to two other information-theoretic measures
proposed in prior literature: Kullback-Leibler divergence (KL-divergence) and surprisal. KL-
divergence measures the information gained when one’s beliefs are updated, effectively
quantifying “learning progress”, while surprisal captures how inconsistent incoming information
is with prior expectations. Both have been shown to be associated with infants’ looking behaviors
[30     , 41     ]. We then repeated the cross-validation process using these linking hypotheses and
compared the model’s performance based on the parameter that provides the best average fits to
the test sets according to RMSE. Out of the three linking hypotheses, we found that EIG and KL-
divergence were comparable to each other but surprisal-based RANCH performed worse in both
populations (Table ??). For both infants and adults, this poorer fit seems to have been primarily
driven by the mismatch between our participants’ and RANCH’s looking to familiar stimuli (blue
curves, Figures 4      and 5     ).

3.4 Comparison with lesioned model
We tested the importance of two of RANCH’s key components by creating lesioned models. In the
first lesioned model, we removed noisy sampling by setting the learner’s noise prior, σϵ, to 0 (“No
noise”). In the second lesioned model, we removed the learning model, and replaced the EIG-based
sampling with a random sampling policy (“No learning”). Both lesioned models provided poor fits
to the behavioral datasets (Table ??). This suggests that both noisy perception and the learning
model are critical to RANCH’s performance.

3.5 Parameter interpretation and developmental comparison
One advantage of RANCH is the interpretability of its parameters. Beyond finding that RANCH’s fit
to the data is robust across parameters, we can also ask which specific parameters maximize that
fit. In particular, comparing the best fitting parameters between infants and adults could provide
insights into the origin of the developmental differences in behavior (see “Joint Scaling” under
Methods for technical details). When investigating which parameters were most influential in
achieving better fit, we found that σϵ, the perceptual noise parameter, played a key role in
improving fit. A high σϵ improved fit to the infant data, but a low σϵ improved fit to the adult data
(Supplementary Information, Figure 11). Conceptually, σϵ represents an agent’s beliefs about how
much noise there is in their own perceptual input; the difference in σϵ suggests that infants may
have adjusted their learning behavior to higher perceptual noise.

3.6 Discussion
Using within-subject measurements of looking time, we examined the sensitivity of looking to
familiar vs. novel stimuli as a function of prior exposure. We did not find evidence for non-
linearities predicted by prior models (Fig. 1A & 1B     ), and instead found that habituation and
dishabituation followed monotonic trends as predicted by RANCH (Fig. 1C     ). Although these non-
linearities could in principle still remain, our experiments had substantially larger samples and
more graded manipulations of exposure duration than previous experiments with infants or
adults. Next, we tested whether RANCH can make predictions in a novel looking time experiment.

https://doi.org/10.7554/eLife.102713.2
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Figure 4

Experiment 1, Infant and RANCH behavior (different linking hypotheses and lesioned models).

The x-axis shows the number of prior exposures shown to infants and RANCH before measuring looking time / number of
samples on the test trial, which was novel or familiar. The y-axis shows the mean looking time in seconds for the behavioral
panel, and the scaled model samples for RANCH. The scaling procedure was applied to each linking hypotheses/lesioned
model separately. We found evidence for habituation and dishabituation (after long prior exposures), but no evidence for
familiarity preferences. Error bars show the standard error of the mean.

Figure 5

Experiment 1, Adult and RANCH behavior (different linking hypotheses and lesioned models).

For adults and the corresponding RANCH simulations, looking time was measured on every trial, shown on the x-axis. The y-
axis shows the mean looking time in seconds for the behavioral panel, and the scaled model samples for RANCH. Similar to
infants, we found evidence for habituation and dishabituation, but no evidence for familiarity preferences. Error bars show
the standard error of the mean.

https://doi.org/10.7554/eLife.102713.2
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4 RANCH predicts stimulus similarity-
based dishabituation in infants and adults

Beyond predicting non-linearities in attentional preferences during encoding (Fig. 1B     ), Hunter
and Ames [26     ] also predicted that after complete encoding of a stimulus, dishabituation
magnitude should be linked to the similarity between two stimuli: the more dissimilar the novel
stimulus is to the habituation stimulus, the more participants should dishabituate. This prediction
is important theoretically because it underlies the use of looking time as a continuous measure of
stimulus similarity (as in, e.g., [49     ]).

We designed an experiment testing this prediction by systematically varying the similarity
between the familiar and novel stimuli within each block. RANCH provides an explicit notion of
similarity through the use of ResNet50-derived image embeddings. We can therefore test whether
RANCH also predicts such similarity-based differences in dishabituation magnitude. We further
tested RANCH by assessing whether the best-fitting parameters in our previous experiment can be
used to predict infants’ and adults’ looking time in a new experiment.

4.1 Behavioral Experiment

4.1.1 Infant experiment

To study whether infants’ dishabituation was modulated by similarity between the habituation
and novel stimulus, we ran an experiment, again recruiting via Zoom (n = 57, age range = 7-10
months, Mage = 8.99 months). We also ran an exact replication via Children Helping Science (CHS),
an asynchronous online platform for online developmental data collection (Scott and Schulz
[47     ]; n = 66, age range = 6-12 months, Mage = 9.69 months). We presented infants with a series of
4 blocks, each again consisting of a exposure phase and a test trial (Figure 3     , Experiment 2,
Infants). Instead of modifying prior exposure as in the previous experiment, here infants were
always familiarized 8 or 9 times with an animal. We chose 8 and 9 exposures based on the results
of Experiment 1, where these durations caused robust dishabituation. Moreover, using slightly
variable exposure durations reduces the risk that infants develop fixed expectations about when a
novel stimulus will appear. After the exposure phase, infants saw a test trial, which could relate to
the familiar animal in one of five ways: they either saw the familiar animal again (familiar), the
same animal facing in the opposite direction (pose), a different animal facing the same way
(identity), two instances of the same animal side-by-side (number), or an inanimate vegetable or
fruit (animacy).

In a separate experiment, we also tested baseline interest in these stimuli without prior exposure,
to ensure that condition differences in the main experiments were due to violations, rather than
intrinsic to the stimuli (n = 35, age range = 7-10 months, Mage = 9.21 months). This experiment
revealed no baseline differences in looking time between categories (Supplementary Information,
Figure 13).

4.1.2 Adult experiment

We tested adults in an experiment that was procedurally similar to Experiment 1 but whose
stimuli were similar to the current infant experiment. Participants (N = 468) saw 24 blocks of
animations, each of which was either 2, 4 or 6 trials long, and pressed a button to continue to the
next trial in the sequence. 8 blocks showed a single, familiar stimulus repeatedly. 16 blocks always
began with one stimulus shown 1, 3 or 5 times, and ended with another, novel stimulus. Unlike the
infant experiment, which always started with a single animal, the adult experiment was long
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enough to show all permutations of familiar vs. novel blocks: Sequences could start with any
stimulus type, i.e. either animals or vegetables, facing either left or right, presented either singly or
in a pair. The novel stimulus then would violate one of the properties (pose, identity, number or
animacy).

4.2 Behavioral and model results

4.2.1 Infant results

In the infant experiments, we found similar results for the samples tested synchronously over
Zoom and asynchronously via CHS. For the Zoom sample, We fit a mixed effects model to predict
log-transformed looking times from the violation type, and found that infants dishabituated to all
novel test trials (identity: β = 0.33; SE = 0.16; t = 2.08; p = 0.04, number: β = 0.32; SE = 0.17; t = 1.92; p
= 0.057, animacy: β = 0.33; SE = 0.16; t = 2.02; p = 0.046), except the pose violation, which elicited no
significant dishabituation (pose: β = 0.13; SE = 0.16; t = 0.83; p = 0.406).

We applied the same mixed effects model to the CHS sample. We again found that animacy and
number resulted in the strongest dishabituation in infants (animacy: β = 0.34; SE = 0.14; t = 2.47; p
= 0.015, number: β = 0.35; SE = 0.13; t = 2.68; p = 0.008), and pose violations did not elicit
dishabituation (β = 0.02; SE = 0.13; t = 0.14; p = 0.888). However, unlike the Zoom study, the identity
violation did not elicit significant dishabituation in our CHS study (β = 0.07; SE = 0.14; t = 0.46; p =
0.646) (Note that we pre-registered a significant effect of identity violation on looking time as a
data quality check, since we had replicated that effect in both infant experiments. However,
surprisingly, the identity condition was the only condition that differed from the Zoom
experiment, so here we deviated from pre-registration and report findings from this sample given
the high value of having a second sample of infant data.).

We then combined the two infant datasets (total n = 123) to gain additional power. In an
exploratory analysis, we ran the same linear model as on the individual datasets, since we found
no additional variance explained by a random effect of dataset. We again found significant
dishabituation to animacy and number violations (number: β = 0.34; SE = 0.11; t = 3.19; p = 0.002,
number: β = 0.35; SE = 0.1; t = 3.37; p = 0.001), marginally significant dishabituation to identity
violations (β = 0.19; SE = 0.11; t = 1.77; p = 0.078) and no dishabituation to the pose violation (β =
0.07; SE = 0.1; t = 0.65; p = 0.514). Together, we found evidence that the magnitude of
dishabituation was related to the similarity of the novel trial, as infants’ looking time followed our
expected ordering: animacy > number > identity > pose > familiar (Figure 6     ).

Next, we tested whether infants’ dishabituation was better described by a “same or different”
account, in which dishabituation responds similarly to any novel stimulus, or a “graded” account,
in which the type of violation influences the magnitude of dishabituation. To do so, we conducted
a model comparison in which violation type was either parsed into two levels (familiar or novel)
or five levels (familiar, animacy, number, identity or pose). The model comparison significantly
favored the more granular model (χ(3) = 8.9; p = 0.031), suggesting that infants were sensitive to
the type of violation rather than just to whether the test stimulus was familiar or novel.

4.2.2 Adult results

In adults, as in previous experiments, we found evidence for habituation (Figure 7     ; β = -0.02, SE
= 0, p < .001). More importantly, we also found evidence for graded dishabituation: the
dishabituation magnitude to animacy violations was larger than to number violations (β = 0.17, SE
= 0.04, p < .001) and to pose violations (β = 0.18, SE = 0.04, p < .001). The same pattern was found for
identity violations (β = 0.18, SE = 0.04, p < .001). However, animacy violations were not different
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Figure 6

Experiment 2, Infant and RANCH behavior.

The x-axis shows how the familiar animal was violated and the y-axis shows the mean looking time in seconds / scaled model
samples for RANCH during test trials following the exposure phase. Error bars show the standard error of the mean. Both
infants and RANCH showed a graded pattern of dishabituation depending on the violation type. We show the results using
the combined dataset of the Zoom and Children Helping Science experiments.
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from identity violations, nor were number violations different from the pose violations (all p >
0.1). Qualitatively, we found that the ordering for dishabituation magnitude was animacy >
identity > pose > number (Figure 7     ).

4.2.3 Model results

We next tested whether RANCH made similar predictions. We used the modeling procedures for
the infant and adult experiments described above.

Using the best-fitting parameters from Experiment 1, we found that RANCH generalized to
Experiment 2 successfully (Infants: RMSE = 1.26; R2 = 0.66; Adults: RMSE = 0.16; R2 = 0.72).
Moreover, RANCH also showed a qualitative ordering of the dishabituation magnitude that was
similar to those seen in infants and adults: animacy > identity > number > pose. This ordering was
in line with the ResNet-50-derived embedding distances between the different stimulus categories
(Figure 12     ).

Taken together, these data suggest that RANCH is not only capable of capturing habituation and
dishabituation, but also can generalize to a new task and make predictions about dishabituation
magnitude in relation to stimulus similarity. We did observe some differences in the relative
ordering of dishabituation magnitudes between infants, adults, and RANCH – we discussed these
in more depth in the General Discussion.

5 General discussion

Even though habituation has been a key method for gaining insight into the infant mind, the
underpinnings of this behavior are not well understood. Here, we investigated how well a specific
form of visual habituation and dishabituation can be understood as rational exploration of noisy
perceptual samples. To do so, we introduced the RANCH model, which takes noisy samples from
stimuli and makes decisions about whether or not to continue sampling based on the expected
information gain of a new sample. We used RANCH to make predictions about infants’ and adults’
looking time across a range of exposures, and the model showed good fit across a range of
parameters. In a second experiment, we found that the same parameters in RANCH could be used
to make predictions about looking time in a new task where we varied the similarity between the
familiar and novel stimulus. These results suggest that RANCH provides a quantitative account of
looking time as resulting from optimal exploration of noisy perceptual samples.

Our work successfully addressed the three critical challenges in testing models of infant looking
time: imprecise measurement, stimulus-dependency, and poor generalizability. First, our novel
within-subject experiment design, combined with online testing and automatic gaze coding,
allowed us to sensitively measure the infant looking time in a relatively large sample. Second, our
model leveraged principled stimulus representations to learn from raw images, overcoming the
stimulus-dependency of previous models. Lastly, our model can be applied across different
stimulus sets, and therefore be used to make out-of-sample predictions about new experiments.

This current work focuses on visual habituation, a fundamental but specific form of habituation
that applies to sequential visual stimuli. While habituation has been studied across various
domains, our model is specifically designed to account for looking time changes in response to
repeated visual exposure. This focus aligns with our choice of perceptual representations derived
from CNNs, which process visual inputs rather than abstract probabilistic structures. Visual
habituation plays a foundational role in infant cognition, as it provides a mechanism for concept
learning based on visual experience. However, it does not encompass all forms of habituation,
particularly those involving complex rule learning, linguistic structures. Similarly, RANCH does
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Figure 7

Experiment 2, Adult and RANCH behavior.

The x-axis shows the position in the block (which could be of length 2, 4 or 6), and y-axis shows looking time/scaled model
samples. Both adults and RANCH showed a similar pattern of graded dishabituation in this task. Error bars show the standard
error of the mean.

Figure 8

Illustration of how predictions from the Goldilocks model in Fig. 1      were derived.
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not capture more global attention dynamics, such as block-to-block attentional drift independent
of stimulus properties. Future work should investigate whether models like RANCH can be
extended to capture habituation mechanisms in broader learning contexts.

5.1 Unique strengths of the RANCH framework
A key strength of RANCH is the cognitive interpretability of its parameters. RANCH integrates
structured perceptual representations with Bayesian inference, allowing for stimulus-computable
predictions of looking behavior and interpretable parameters at the same time. This integrated
approach has been used to study selective attention [7     ]. Moreover, previous Bayesian models of
infant attention have leveraged parameter interpretability to draw conclusions about the
computational mechanisms underlying individual differences in attention [43     ]. Here, we used
parameter fits of RANCH to study population differences: By applying a “joint scaling” procedure
in which we scaled model samples to infant and adult simultaneously, we could identify which
parameters had to be different between infant and adults to account for their different patterns of
looking time. Using this procedure, a key developmental difference was in σϵ, the learner’s prior
on their perceptual noise. Given that σϵ was preferred to be higher in infants than in adults, this
suggests that infants’ learning in our experiments may be tuned for noisier perceptual processing.
This finding is consistent with previous works showing that infants’ visual contrast sensitivity is
indeed constrained by higher level of neural noise [48     , 27     ].

Another strength is RANCH’s ability to model looking on a more fine-grained timescale. Prior
research has largely resorted to modeling on the trial level, and asking about correlations between
behavior on a given trial (e.g. looking time) and information-theoretic properties of that trial
relative to prior training, such as KL divergence or surprisal [30     , 42     ]. Rational analysis relies
on computing expected information gain. However, the resolution of these prior models does not
support calculating this metric on sample-by-sample basis, since they carve up time only in terms
of trials, rather than samples. In contrast, the sample-based modeling framework used in RANCH
allows for implementation of the full rational analysis [37     , 1     ], in which learners ask “How
much information do I expect to gain from continuing to look at the stimulus?”. The ability to
conduct the rational analysis enhances our understanding of habituation as optimally adapted to
environmental constraints [see e.g. 19, for a different rational analysis of habituation]. Still,
replacing EIG with information-theoretic proxies in our setting can help us examine whether
participants’ behavior seems to follow an EIG-based, or a proxy-based, linking hypothesis. In our
analyses we found that KL divergence performed comparably to EIG, and the surprisal-based
model was worse at fitting both infant and adult data in Experiment 1.

Given that EIG is defined as the expected value of KL-divergence, this suggests that our
participants’ strategy is consistent with a “learning progress” metric when making attentional
decisions, either backward-looking (KL) or forward looking (EIG) [21     ]. A surprisal-based
strategy however is less consistent with our data, in contrast with other models which relate infant
looking to a form of surprise [49     , 30     ].

More generally, while there is no single threshold for what constitutes a “good” model fit, the
strength of our approach lies in the relative comparisons across model variants, linking
hypotheses, and ablation studies. In this way, we treat model fit not as an absolute benchmark, but
as an empirical tool to adjudicate among alternative explanations and assess the mechanistic
plausibility of the model’s components.

5.2 Within-subject design reveals graded dishabituation
To test our model, we developed novel paradigms for within-infant measurements of habituation
and dishabituation. These novel designs allowed us to go beyond testing simple qualitative
predictions (i.e. longer versus shorter looking duration). Instead, we validated RANCH’s
continuous predictions about the relationship between prior exposure and looking to familiar vs.

https://doi.org/10.7554/eLife.102713.2


Gal Raz et al., 2025 eLife. https://doi.org/10.7554/eLife.102713.2 19 of 43

novel stimuli (Experiment 1) and between perceptual distance and looking (Experiment 2), within
subjects. It is rare to observe such graded differences in looking: Most looking time studies
measure a simple contrast between familiar and novel, or expected vs. unexpected stimuli and
therefore do not capture nuances in dishabituation magnitude as a function of experimental
parameters [for an exception see; Téglás et al. [49     ]]. Our findings revealed quantitative nuances
of looking time patterns and provide a higher bar for fitting computational models to such data.

However, Experiment 2 also revealed interesting discrepancies across age groups and RANCH,
particularly for number violations: The number of samples RANCH took from number violations
was less than identity violations but more than pose violations. In contrast, adults looked at the
number violations less than the pose violations, and infants looked at number violations more
than identity and pose violations. This discrepancy between the model and adults on the one hand,
and infants on the other hand could be explained by different underlying representations for
number.

RANCH is designed for representing single objects, not multiple objects, therefore any
dishabituation to number violations resulted primarily from simple, low-level perceptual
distances, rather than dishabituation to number per-se. To the extent that the dishabituation
observed in the data exceeded RANCH’s, this points to other, conceptual sources of new
information that cannot be explained purely by low-level visual differences. This is consistent with
infant literature showing that infants are sensitive to changes in number specifically, rather than
visual changes generally [52     , 18     ]. Adults on the other hand did not show this exaggerated
effect of number violations, possibly because adults’ processing was shallower in our task, which
is supported by their shorter reaction time.

5.3 No evidence for familiarity preferences
A key feature of our experimental data, as well as our model, is that at no point, even for the
shortest exposure durations, did we observe longer looking to familiar than to novel stimuli. This
finding contrasted with predictions made by a prominent model of infant attention (Figure 1A     ),
which posited that at intermediate levels of encoding, familiar stimuli should be more interesting
than novel stimuli. The intuition is that some initial familiarity with a stimulus may allow a viewer
to “break into” the information there is to gain from the stimulus – a completely novel stimulus
may be too complex or foreign for extended attention to be worth it. However, in the learning
setting we used here, neither the rational analysis nor data from human learners showed this
strategy. This result suggests at least that limited exposure does not generically lead to familiarity
preferences in all experimental paradigms.

The absence of familiarity preferences in our results does not rule out their existence in general.
Familiarity preferences may be more subtle than novelty preferences, so that the statistical power
that is needed to find familiarity preferences is higher than that achieved in the current study. A
current large-scale study by the ManyBabies consortium which aims to test the predictions made
by Hunter and Ames [26     ] may give insight into this possibility [31     ]. Such subtle effects would
not be consistent with the claims of larger familiarity preferences that have appeared in the
literature, however.

5.4 Formal theories of learning and attention
The lack of familiarity preferences in the current study can also be attributed to the particular
learning problems participants are solving: whether familiarity preferences occur can depend on
the particular learning context and the particular learning problem. This context-dependence is
reflected in meta-analyses investigating familiarity preferences across paradigms. For example,
when tested on word segmentation in their native language, infants showed preferences for
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familiar stimuli throughout the first year [5     ]. In contrast, when tested on statistical learning of
novel words, infants showed consistent preferences for novel stimuli, from 4 months to 11 months
of age [6     ].

The seemingly contradictory results on the direction of preferences in infant research highlight
the need for formal theories of how the learning problem influences attention. Dubey and
Griffiths [15     ] gave an example of such a formal account by showing that when past and present
events are correlated, rational agents, under some assumptions, develop a tendency to attend to
familiar stimuli to prepare for the most likely future events, while in uncorrelated environments,
novelty preferences are optimal. Ideal learners attempting to maximize their expected
information gain consistently seek novelty when trying to learn a single concept. Formal models of
the learning problem being solved in experiments may therefore give more principled and precise
predictions beyond identifying factors like “prior exposure” as determinants of attentional
preferences.

Importantly, RANCH’s predictions outlined in this paper apply to the specific case when the
learner makes noisy observations of stimuli in a perceptual space, updates their beliefs about the
location of a single concept in that space, and makes decisions about whether to continue
observing based on their expected gain of information relative to this belief updating process. The
modular structure of RANCH allows for each of these components (perceptual embedding space,
learning model, and linking hypothesis) to be modified; such modifications could lead to different
predictions. For example, the embedding space could be chosen to more closely resemble a
psychologically validated perceptual space [e.g. 33], though in this case, we found that such
alternatives did not affect embedding structure qualitatively (Supplemental Figure 12). Similarly,
the simple concept learning model we used could be modified to account for more complex, or
more general, representation learning [28     , 50     ]. For example, we could model our participants
as learning multiple concepts, deciding whether each stimulus is part of the same concept or a
new concept.

Another promising direction is to explore RANCH’s applicability to finer timescales of looking
behavior, enabling a more detailed examination of within-trial fluctuations in attention. Recent
work suggests that analyzing moment-by-moment dynamics can help disentangle distinct learning
mechanisms [43     ].Since RANCH models decision-making at the level of individual perceptual
samples, it is well-suited to capture these fine-grained attentional shifts.

5.5 Conclusion
From birth, infants actively explore their environment through selective attention. Looking time, a
widely used measure in developmental psychology, has long been used to make inferences about
infants’ conceptual and perceptual capacity. Here, we measured nuances of key looking time
phenomena, such as habituation and dishabituation, by varying familiarity with a stimulus prior
to dishabituation (Experiment 1), as well as the similarity between the familiar and novel stimulus
(Experiment 2). We found that these behavioral nuances are well captured by RANCH, an image-
computable, rational model that learns from noisy perceptual samples and decides how many
samples to take based on their expected information gain. Beyond modeling infant looking during
perceptual learning in particular, our work provides a general framework that instantiates and
tests hypotheses about the computations underlying infant looking.

6 Methods and Materials
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6.1 Model specifications

6.1.1 Perceptual representations

We derived principled low dimensional representations of our stimuli from ResNet-50 [24     ]. We
ran a Principal Component Analysis and used the first three principal components. This decision
was made due to the computational demands of our model. Each added dimension would increase
the total run time exponentially. The first three components captured 57.9% of the variance.

Given that we were using discrete grid approximation in our inference, the model was sensitive to
the absolute values of the embeddings. When these embeddings values were close to or exceeded
the range of the approximation grids, this would cause bias in our simulation result. We therefore
scaled our embeddings down to fall squarely into our grid. Simulations have shown that
embedding that were too large would result in biased model behaviors (Supplementary
Information, Figure 10). Since embedding distances were larger for stimulus type experiment,
especially for animacy violations, the downscaling had to be more extreme.

6.1.2 Linking hypotheses

We compared two additional information theoretic measures with Expected Information Gain
(EIG): Kullback– Leibler divergence and Surprisal. Each of these measures has been invoked in the
literature as a plausible account for explaining looking behaviors across developmental stages [KL
divergence: 41, surprisal: 30].

Our key linking hypothesis, EIG, is a forward-looking measure. It is computed as the product of the
posterior predictive probability of the next perceptual sample (p(zt+1 |θt)) and the information
about the concept θ gained conditioned on that next hypothetical sample, using a grid of possible
subsequent samples(s): 

Both KL-divergence and surprisal are backward-looking measures. The KL divergence at any given
point is calculated by the posterior distribution after seeing the current perceptual sample and

before seeing the current perceptual sample: 

Surprisal is calculated as the negative log likelihood of the current perceptual sample under the
prior distribution: surprisal(zt) = −log(p(z|θt−1))

We ran individual simulation and parameter search for each of the three linking hypotheses to
ensure fair comparison.

6.1.3 Scaling procedure for developmental interpretation

To find the best fitting parameters for each age group we employed a strategy we called “joint
scaling”. To evaluate model fit, we first mapped model samples onto looking time by finding the
best linear scaling of model samples in a regression of the form LT ∼ model_samples. The
parameter set that minimized the RMSE between the scaled model samples and looking time was
what we considered the best parameter set. In the case of “joint scaling”, we regressed both the
adult and the infant simulations against their looking time simultaneously, to find how varying the
infant and adult parameters affected the fit of the scaled model samples to the adult and infant
data. This joint scaling procedure put pressure on the parameters, rather than the scaling, to
account for the fact that adults’ looking time were a lot shorter than infants’ looking time.
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The interpretable parameters of RANCH were the priors on µ and σ and the priors on the noise.
The priors on µ and σ were parameterized by a normal inverse-gamma prior with µprior, νprior,
αprior and βprior, the conjugate prior to a normal distribution with unknown mean and variance.
While the mean was fixed to be 0 (µprior), variation in the other parameters expressed distinct
hypotheses about the precision of the location of the concept (νprior), as well as the variance of the
concept (αprior and βprior). The learner’s prior on noise was parameterized by zero-mean Gaussian
distribution with standard deviation (σepsilon).

6.2 Experimental procedure
Below we described in detail the experimental procedure. We used Experiment 1 to denote the
experiment that manipulates exposure duration, and Experiment 2 to denote the experiment that
manipulates stimuli similarity.

6.2.1 Infant experiment

6.2.1.1 Participants

For Experiment 1, we tested a combined sample of 103 7-10 month old infants, with 31 in the first
sample, 35 in the second sample and 37 in the third sample (Mage = 9.38 months, 47 female). 10
participants were excluded completely due to fussiness. An additional 58 individual trials were
excluded.

For Experiment 2, we tested a combined sample of 123 7-10 month old infants, with 57 collected
via Zoom (7 complete exclusions, 42 trial exclusions), 66 collected via CHS (3 complete exclusions,
26 trial exclusions).

Complete or trial exclusions occurred because (1) infants fussed out of the experiment at an
earlier stage of the experiment, (2) infants looked at the stimuli for less than a total of 2 seconds,
(3) there were momentary external distractions in the home of the infant or (4) the gaze classifier
performed so poorly that manual corrections were not viable.

6.2.1.2 Stimuli

In Experiment 1, we presented infants with a series of animated animals, created using “Quirky
Animals” assets from Unity (Figure 3     ; link to assets). The animals were walking, crawling or
swimming, depending on the species. In a previous study not included here (but see OSF
repository), we showed infants a different stimulus set and failed to elicit replicable habituation,
novelty or familiarity preferences. As a result, we modified the stimuli to be more appealing. We
also separated exposure trials with curtains opening and closing to accentuate exposure trials as
separated occurrences of the stimulus.

In Experiment 2 (Figure 2A     ), we introduced animacy violations using the “3D Prop Vegetables
and Fruits”(link to assets) assets from Unity and animated bouncing and rotating trajectories for
them. To create number violations, we duplicated the videos of single animal Unity assets and
pasted them side-by-side.

6.2.1.3 Procedure

Data collection was performed primarily synchronously on Zoom, except for the CHS replication
of Experiment 2. In all cases, infants were recruited from CHS [47     ] and Facebook. Parents were
instructed to find a quiet room with minimal distractions, place their child in a high chair
(preferred) or on their lap, and to remain neutral throughout the experiment. Infants were placed
as close as possible to the screen without allowing them to interact with the keyboard.

https://doi.org/10.7554/eLife.102713.2


Gal Raz et al., 2025 eLife. https://doi.org/10.7554/eLife.102713.2 23 of 43

Both main experiments followed a block structure, where each block was divided into two
sections: (1) a exposure phase and (2) a test event. Each block was preceded by an “attention
getter”, a salient rotating star. During the exposure period, the infant was familiarized to a
particular animal in a series of exposure trials. Each exposure trial was a 5 second sequence:
curtains opened for 1 second, the animated animal moved in place for 3 seconds, and then the
curtains closed for 1 second. In Experiment 1, the number of exposure trials (the “exposure
duration”) varied between blocks. In Experiment 2, the number of exposure trials was always 8 or
9.

During the test event, the infant saw either the same familiar animal again, or a novel stimulus.
The onset of the test event was not marked by any visual markers, but a bell sound played as the
curtains opened, to maximize the chance of engagement during the test event. On Zoom, the test
event used an infant-controlled procedure: the experimenter terminated the trial when the infant
looked away for more than three consecutive seconds. On CHS, test trials would always be played
for 40 seconds. In both cases, looking time was then defined as the total time that the infant spent
looking at the screen from the onset of the stimulus until the first two consecutive seconds of the
infant looking away from the screen. If the infant did not look away after 60 seconds of being
presented with the test event, the next block automatically began and infants’ looking time for that
test event was recorded as 60 seconds.

In Experiment 1, the novel stimulus was always another animal. In Experiment 2, novel stimuli
violated one of four properties of the familiar animal: pose, identity, number or animacy.

In Experiment 1, each infant saw six blocks: Three different exposure durations ({0,4,8}, {1,3,9} or
{2,4,6}) appeared twice each, once for each test event type (familiar or novel). The longer exposure
durations (8 or 9) were chosen based on our previous pilot studies with a different stimulus set
(OSF repository), and the shorter durations were chosen to provide limited learning experience
with the familiar stimuli. The order of blocks was counterbalanced between infants, and pairs of
animals (familiar and novel) were counterbalanced to be associated with each block type. Which
animal was shown as the familiar and which as the novel (if it was a novel test trial) was
randomized in each block.

In Experiment 2, each infant saw four blocks within a session - the familiar trial was always one of
the four test trials, and the remaining three test trials were picked randomly from the remaining
four violation types (pose, identity, number, animacy).

The control experiment showed six standalone trials: Infants saw two single animals, two pairs of
animals and two single vegetables, to measure baseline interest in these stimulus categories.

6.2.1.4 Looking time coding

To code the infants’ looking time we used iCatcher+, a validated tool developed for robust and
automatic annotation of infants’ gaze direction from video [16     ]. To obtain trial-wise looking
time, we merged iCatcher+ annotations with trial timing information, thereby fully replacing
manual coding of looking time. The correctness of iCatcher+ coding was manually supervised to
check for failed face detections or distractions.

6.2.1.5 Statistical analysis

We ran the pre-registered statistical analyses for both experiments. All statistical analyses were
ran in R using the package lme4 [4     ].

For Experiment 1, we ran a lme4 model with the following specification: log(looking time) ∼
poly(exposure_duration, 2) * test_type [identity or familiar] + log(block_number) + (1|subject). The
exposure duration term referred to the amount of prior exposure received by the infant (0 to 9
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prior exposures), and the second polynomial tested for non-linearity in the effect on looking time,
as predicted by some theories of infant attention. This non-linearity could occur primarily for
looking to the familiar stimuli (Figure 1A     ), or both familiar and novel stimuli (Figure 1B     ),
hence the interaction with test type. We controlled for block number to account for general
decreasing interest in our stimuli as the experiment goes on.

For Experiment 2, we ran a linear mixed effects regression, again predicting looking time, using
violation type as the main predictor: log(looking_time) ∼ test_type [animacy, pose, identity,
number, familiar] + log(block_number) + (1|subject). Here, we set familiar as the reference level
for test type, and asked whether the other test types were significantly different from that familiar
reference level. We again controlled for block number.

In our pre-registered model comparison analysis, we used a chi-square test to compare the above
regression model above to a regression model in which test type only had two levels, familiar or
novel.

6.2.2 Adult experiment

6.2.2.1 Participants

Both experiments were run on Prolific (Experiment 1: N = 522; Experiment 2: N = 536). Two
experiments had the same pre-registered exclusion criteria. We excluded participants if (1) the
standard deviation of their reaction time across all trials was less than 0.15 (indicating key-
smashing, Experiment 1: N = 0; Experiment 2: N = 0), (2) spent more than three absolute deviations
above the median of the task completion time as reported by Prolific (Experiment 1: N = 47;
Experiment 2: N = 43), and (3) provided the wrong response to more than 20% of the memory task
(Experiment 1: N = 13; Experiment 2: N = 33). A total of 52 and 68 participants met at least one of
the three criteria and were excluded from the final analysis for Experiment 1 and Experiment 2,
respectively. We also excluded a trial if the trial was three absolute deviations away from the
median in the log-transformed space across reaction time from the remaining participants.

The final sample included 470 participants for Experiment 1 and 468 participants for Experiment
2 (Experiment 1: Mage = 33.0 years, SD = 12.3; Experiment 2: Mage = 31.8 years, SD = 11.3).

6.2.2.2 Stimuli

The stimuli used in adult experiment were identical to the ones used in infant experiment. In
Experiment 1, the stimuli were selected from the animal unity set. In Experiment 2, both the
animal and vegetable sets were used.

6.2.2.3 Procedure

Procedurally, Experiment 1 and Experiment 2 were similar. Both were self-paced visual
presentation studies. Participants were instructed that they would be looking at a sequence of
animated stimuli at their own pace. At each trial, they can press a key on the keyboard to move on
to the next trial after a minimum viewing time of 500 ms. Each study consisted of multiple blocks.
Each block consisted of multiple trials. Between blocks, participants answered a simple memory
question (“Have you seen this animation before?”). This memory question was used as an
attention check.

Each block contained multiple trials of one stimulus being repeatedly presented (the familiar
trials) and one trial that showed a different stimulus (the novel trial). The novel trial always
appeared as the last trial. In Experiment 1, the total number of trials ranged from two to eleven.
The novel trial was randomly drawn from the stimuli set that researchers haven’t seen before. In
Experiment 2, the block consisted of either two, four, or six trials. There were a total of eight types
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of stimuli in the familiar trials. They were all combinations of the three features that each include
two levels: animacy (e.g. animate or inanimate), number (singleton or pair), and pose (facing left
or facing right). The novel trial can differ from the familiar trials in one of the four dimensions:
pose, number, identity, and animacy. Both experiments also had blocks that only include one
stimulus (the familiar block).

The order of the block was semi-randomized in both experiments. Experiment 1 has 15 blocks in
total. We grouped the total number of trials in each block into five pairs of two: {2, 3}, {4, 5}, {6, 7},
{8, 9}, {10, 11}, and randomly sampled 1 block length from each pair. In other words, each
participant would receive 5 different lengths of repeating familiar trials, stratified by 5 levels. We
controlled the distribution of the block lengths by making sure the first half and the second half of
the experiment each had the same number of blocks with different block lengths. Experiment 2
had 24 blocks in total. We grouped the twenty-four blocks into four groups. Each group consisted
of two familiar blocks and one block from each of the four novelty types. The order of blocks
within each group was randomized.

6.2.2.4 Statistical Analysis

We ran the pre-registered statistical analyses for both experiments. All statistical analyses were
ran in R using the package lme4 [4     ].

For experiment 1, we ran a linear mixed effect regression predicting the log transformed of
looking time with the following specification: log(looking time) ∼ trial_number + is_first_trial +
trial_number * trial_type + log(block_number) + (trial_number * trial_type | subject) +
(is_first_trial + trial_number | subject). This model allowed us to investigate whether the number
of familiar trials has an impact on the looking time (i.e. habituation), and whether the trial type
(familiar or novel) mediated the influences. This model failed to converge. Following the pre-
registered procedure, we pruned the model to include only by-subject random intercept. The
pruned model suggests that there is evidence for habituation and dishabituation.

For experiment 2, we ran a similar model and incorporated the effect of different novelty type.
The particular model specification is as follows: log(total_rt) ∼trial_number + is_first_trial +
(trial_number + is_first_trial) * stimulus_number + (trial_number + is_first_trial) * stimulus_pose +
(trial_number + is_first_trial) * stimulus_animacy + (trial_number + is_first_trial) * novelty_type +
log(block_number). novelty_type had five levels, including the familiar trial and four types of
violation. This model can help us test two hypotheses: (1) whether our experimental paradigm
captured habituation and dishabituation and (2) whether the magnitude of dishabituation was
influenced by the similarity between the novel trials and the familiar trials.

7 Supplementary Information

7.1 Deriving predictions for Goldilocks model
Below is an illustration of how predictions for a habituation/dishabituation experiment were
derived for the Goldilocks model. In all cases, as infants are familiarized, the surprisal of the
familiar stimulus goes down (Blue arrows pointing left), and the surprisal of the novel stimulus
has to go up so that probabilities assigned to events add up to 1 (Red arrows pointing right).
Depending on the assumed surprisal of the exposure stimulus, this model predicts three
qualitatively different trajectories of preferences to familiar vs. novel stimuli as a function of prior
exposure: (1) If the assumed surprisal is below the optimal level to maximize attention, the model
predicts an increase, and then a decrease in novelty preferences. (2) If the assumed surprisal is at
the optimal level, then no preference is predicted. (3) If the assumed surprisal is higher than
optimal surprisal, the model predicts an increasing, and then decreasing familiarity preference.

https://doi.org/10.7554/eLife.102713.2


Gal Raz et al., 2025 eLife. https://doi.org/10.7554/eLife.102713.2 26 of 43

In our work, we assumed a scenario consistent with the first assumption – i.e. that the initial
surprisal of stimuli is below the optimal level. This is the only regime in which novelty preferences
arise, and therefore had the highest chance of agreeing with with our data, as well as predictions
made by Hunter and Ames [26     ].

7.2 Parameter robustness
To evaluate RANCH’s robustness to different parameters, we tested its fit for all possible parameter
settings. Performance across the 162 parameter settings was relatively stable, yielding a moderate
range RMSE values for infants and adults across linking hypotheses. In both cases most parameter
settings outperformed the fit achieved by baseline models (Table ??). The distribution of RMSE
values across parameter settings are shown in the histograms below (Figure 9     ).

7.3 Scaling the embedding space
In order to achieve sensible results, it was important to bring the stimulus embeddings in line with
the approximation grid used for inference. Below we show what happens when embeddings
exceeded or came close to the edges of the our approximation grids. In Experiment 1, unscaled
embeddings resulted in a reversal of familiar vs. novel model samples, such that the model takes
more samples from the familiar than the novel. In Experiment 2, unscaled embeddings resulted in
an unintuitive ordering which is not in line with the embedding distances (Figure 10     ).

7.4 Developmental comparison of parameter fits
A naive approach to comparing parameter fits between infants and adults would be the following:
After joint scaling, pick the set of parameters for infants and adults that together minimized RMSE.
If we do this, we obtain the following parameter sets:

If we compare these two sets of parameters to each other, and interpret these differences, we may
come to the following conclusion: RANCH fits best when infants’ σϵ is higher than that of adults,
and βprior is higher than that of adults, suggesting that infants both expect their perception to have
more noise, and that infants have more prior uncertainty about the size of the standard deviation.

However, a direct comparison between these parameter sets does not give insight into the relative
stability of RANCH’s fit to the data if we change any of these parameters: It may be that if a
parameter was slightly different, it would not make a big difference for model fit.

Thus we checked the sensitivity of the model fit to changes in the parameters. To do so, we plotted
RMSE histograms colored by the value of a certain parameter, from a certain age group. Here we
see that the overall modes of the RMSE histograms are dominated by world EIG, likely because this
parameter is the main threshold that can account for the difference in scale between infant and
adult looking time. However, of the other parameters, we see that RMSE only shows sensitivity to
σϵ. Other parameters that are different between the best fits are not stable across settings. We
therefore conclude that the main interpretable parameter difference is in σϵ, the learner’s noise
prior, being higher in infants than in adults.
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Figure 9

Histograms of RMSE for different linking hypotheses show
that RANCH is largely robust to variations in parameters.

Figure 10

The effects of scaling on model results.

(A) Experiment 1 with unscaled embeddings resulted in a reversal of familiar vs. novel. (B) Experiment 2 with unscaled
embeddings resulted in an unintuitive ordering.
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Figure 11

Histograms of model fit colored by priors.

X-aixs shows the RMSE of the model fit with the behavioral data. Results suggest that when the learner’s noise is high,
RANCH fits infant data better.

Figure 12

Embedding distances of different violation types for (1) a base ResNet50 model, (2) a perceptually
aligned embedding model [33     ], and (3) a ResNet50 model trained on SAYCAM data [39     ]
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Figure 13

Control experiment for Experiment 2 (infants), checking for baseline differences in interest.

We found no significant differences in baseline looking.
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7.5 Embedding distances of different
violations categories, by embedding model
We chose ResNet-50 as our embedding space, but there are other embedding space available.
Below we plotted the embedding distances of the different violations. The lines connect a single
stimulus, and the y-axis represents the embedding distances to all the stimuli that would
constitute a certain violation. For example, for a single animal stimulus, the y-value for ‘animacy’
corresponds to the distance between the single animal and all the single fruit/vegetable stimuli.
Since the embedding distance between different categories were similar to each other, we did not
run the full simulations on each of the embedding space.

7.6 Control experiment for Experiment 2 in infants
Given that the exposure phase always consisted of a single animal, it is possible that differences in
looking time during test trials of different types were a result of differences in interest in the
stimuli themselves (e.g. our inanimate stimuli may have been intrinsically more interesting than
our animals). To test whether infants were differently interested in our stimuli due to intrinsic
stimulus properties, we ran a control experiment in which we showed infants our novel stimulus
types without any prior exposure. Infants saw three types of stimuli for as long as they wanted, up
to 60 seconds: single animals, fruits/vegetables, or pairs of animals. There were six trials per
session, so infants saw two of each stimulus type. We tested 35 infants for this experiment, with 2
complete subject exclusions and 10 single trial exclusions.

We found no evidence for differences in baseline interest in our stimuli: neither looking to
inanimate stimuli nor animal pairs differed significantly from looking to single animals
(inanimate stimuli: β = -0.02; SE = 0.08; t = -0.31; p = 0.758; animal pairs: β = -0.11; SE = 0.08; t =
-1.38; p = 0.169). In sum, infants showed equal interest in all categories of test stimuli, prior to
habituation; the condition differences observed in Experiment 2 must derive from the cognitive
processes of habituation and dishabituation.
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Senior Editor
Yanchao Bi
Peking University, Beijing, China

Reviewer #1 (Public review):

Summary:

This paper proposes a new model of perceptual habituation and tests it over two experiments
with both infants and adults. The model combines a neural network for visual processing
with a Bayesian rational model for attention (i.e., looking time) allocation. This Bayesian
framework allows the authors to measure elegantly diverse factors that might drive
attention, such as expected information gain, current information gain, and surprise. The
model is then fitted to infant and adult participants' data over two experiments, which
systematically vary the amount of habituation trials (Experiment 1) and the type of
dishabituation stimulus (familiarity, pose, number, identity and animacy). Results show that a
model based on (expected) information gain performs better than a model based on surprise.
Additionally, while novelty preference is observed when exposure to familiar stimuli is
elevated, no familiarity preference is observed when exposure to familiar stimuli is low or
intermediate, which is in contrast with past work.

Strengths:

There are three key strengths of this work:

(1) It integrates a neural network model with a Bayesian rational learner, thus bridging the
gap between two fields that have often been disconnected. This is rarely seen in the cognitive
science field, but the advantages are very clear from this paper: It is possible to have
computational models that not only process visual information, but also actively explore the
environment based on overarching attentional processes.

(2) By varying parametrically the amount of stimulus exposure and by testing the effects of
multiple novel stimulus types, this work allowed the authors to put classical theories of
habituation to the test on much finer scales than previous research has done.

(3) The Bayesian model allows the authors to test what specific aspects are different in infants
and adults, showing that infants display greater values for the noise parameter.

Weaknesses:

This model pertains visual habituation. What drives infants' (dis)engagement of attention
more broadly, for example, when learning the probabilistic structures of the environment
around them (e.g., language, action prediction) may follow different principles and dynamics.

https://doi.org/10.7554/eLife.102713.2.sa1

Author response:

The following is the authors’ response to the original reviews.

Reviewer #1 (Public review):

Weakness:

Although a familiarity preference is not found, it is possible that this is related to the
nature of the stimuli and the amount of learning that they offer. While infants here are
exposed to the same perceptual stimulus repeatedly, infants can also be familiarised to

https://doi.org/10.7554/eLife.102713.2
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more complex stimuli or scenarios. Classical statistical learning studies for example
expose infants to specific pseudo-words during habituation/familiarisation, and then test
their preference for familiar vs novel streams of pseudo-words. The amount of learning
progress in these probabilistic learning studies is greater than in perceptual studies, and
familiarity preferences may thus be more likely to emerge there. For these reasons, I
think it is important to frame this as a model of perceptual habituation. This would also
fit well with the neural net that was used, which is processing visual stimuli rather than
probabilistic structures. If statements in the discussion are limited to perceptual
paradigms, they would make the arguments more compelling.

Thank you for your thoughtful feedback. We have now qualified our claims more explicitly
throughout the manuscript to clarify the scope of our study. Specifically, we have made the
following revisions:

(1) Title Update: We have modified the title to “A stimulus-computable rational model of
visual habituation in infants and adults” to explicitly specify the domain of our model.

(2) Qualifying Language Throughout Introduction: We have refined our language throughout
the introduction to ensure the scope of our claims is clear. Specifically, we have emphasized
that our model applies to visual habituation paradigms by incorporating qualifying language
where relevant. At the end of Section 1, we have revised the statement to: "Habituation and
dishabituation to sequential visual stimuli are well described by a rational analysis of looking
time." This clarification makes sure that our model is framed within the context of visual
habituation paradigms, particularly those involving structured sequences of stimuli, while
acknowledging that habituation extends beyond the specific cases we study.

(3) New Paragraph on Scope in the Introduction: We have added language in the Introduction
acknowledging that while visual habituation is a fundamental mechanism for learning, it is
not the only form of habituation. Specifically, we highlight that: “While habituation is a
broadly studied phenomenon across cognitive domains—including language acquisition,
probabilistic learning, and concept formation—our focus here is on visual habituation, where
infants adjust their attention based on repeated exposure to a visual stimulus.”

(4) New Paragraph on Scope in the General Discussion: We have also revisited this issue in
the General Discussion. We added a dedicated paragraph discussing the scope: “This current
work focuses on visual habituation, a fundamental but specific form of habituation that
applies to sequential visual stimuli. While habituation has been studied across various
domains, our model is specifically designed to account for looking time changes in response
to repeated visual exposure. This focus aligns with our choice of perceptual representations
derived from CNNs, which process visual inputs rather than abstract probabilistic structures.
Visual habituation plays a foundational role in infant cognition, as it provides a mechanism
for concept learning based on visual experience. However, it does not encompass all forms of
habituation, particularly those involving complex rule learning or linguistic structures.
Future work should investigate whether models like RANCH can be extended to capture
habituation mechanisms in other learning contexts.”

Reviewer #2 (Public review):

There are no formal tests of the predictions of RANCH against other leading hypotheses
or models of habituation. This makes it difficult to evaluate the degree to which RANCH
provides an alternative account that makes distinct predictions from other accounts. I
appreciate that because other theoretical descriptions haven't been instantiated in
formal models this might be difficult, but some way of formalising them to enable
comparison would be useful.

https://doi.org/10.7554/eLife.102713.2
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We appreciate the reviewer's concern regarding formal comparisons between RANCH and
other leading hypotheses of habituation. A key strength of RANCH is that it provides
quantitative, stimulus-computable predictions of looking behavior—something that existing
theoretical accounts do not offer. Because previous models can not generate predictions
about behaviors, we can not directly compare the previous model with RANCH.

The one formal model that the reviewer might be referring to is the Goldilocks model,
discussed in the introduction and shown in Figure 1. We did in fact spend considerable time
in an attempt to implement a version of the Goldilocks model as a stimulus-computable
framework for comparison. However, we found that it required too many free parameters,
such as the precise shape of the inverted U-shape that the Goldilocks model postulates,
making it difficult to generate robust predictions that we would feel confident attributing to
this model specifically. This assertion may come as a surprise to a reader who expects that
formal models should be able to make predictions across many situations, but prior models 1)
cannot be applied to specific stimuli, and 2) do not generate dynamics of looking time within
each trial. These are both innovations of our work. Instead, even prior formal proposals
derive metrics (e.g., surprisal) that can only be correlated with aggregate looking time. And
prior, non-formalized theories, such as the Hunter and Ames model, are simply not explicit
enough to implement.

To clarify this point, we have now explicitly stated in the Introduction that existing models
are not stimulus-computable and do not generate predictions for looking behavior at the
level of individual trials:

“Crucially, RANCH is the first stimulus-computable model of habituation, allowing us to
derive quantitative predictions from raw visual stimuli. Previous theoretical accounts have
described broad principles of habituation, but they do not generate testable, trial-by-trial
predictions of looking behavior. As a result, direct comparisons between RANCH and these
models remain challenging: existing models do not specify how an agent decides when to
continue looking or disengage, nor do they provide a mechanistic link between stimulus
properties and looking time. By explicitly modeling these decision processes, RANCH moves
beyond post-hoc explanations and offers a computational framework that can be empirically
validated and generalized to new contexts.”

We also highlight that our empirical comparisons in Figure 1 evaluate theoretical predictions
based on existing conceptual models using behavioral data, rather than direct model-to-
model comparisons:

“Addressing these three challenges allowed us to empirically test competing hypotheses about
habituation and dishabituation using our experimental data (Figure

\ref{fig:conceptual}). However, because existing models do not generate quantitative
predictions, we could not directly compare RANCH to alternative computational models.
Instead, we evaluated whether RANCH accurately captured key behavioral patterns in
looking time.”

The justification for using the RMSEA fitting approach could also be stronger - why is this
the best way to compare the predictions of the formal model to the empirical data? Are
there others? As always, the main issue with formal models is determining the degree to
which they just match surface features of empirical data versus providing mechanistic
insights, so some discussion of the level of fit necessary for strong inference would be
useful.

Thank you for recommending additional clarity on our choice of evaluation metrics. RMSE is
a very standard measure (for example, it’s the error metric used in fitting standard linear

https://doi.org/10.7554/eLife.102713.2
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regression!). On the other hand, it captures absolute rather than relative errors. Correlation-
based measures (e.g., r and r2-type measures) provide a measure of relative distance between
predictive measures. In our manuscript we reported both RMSE and R². In the revised
manuscript, we have now:

(1) Added a paragraph in the main text explaining that RMSE captures the absolute error in
the same units as looking time, whereas r² reflects the relative proportion of variance
explained by the model:

“RANCH predictions qualitatively matched habituation and dishabituation in both infants
and adults. To quantitatively evaluate these predictions, we fit a linear model (adjusting
model‐generated samples by an intercept and scaling factor) and then assessed two
complementary metrics. First, the root mean squared error (RMSE) captures the absolute
error in the same units as looking time. Second, the coefficient of determination ($R^2$)
measures the relative variation in looking time that is explained by the scaled model
predictions. Since each metric relies on different assumptions and highlights distinct aspects
of predictive accuracy, they together provide a more robust assessment of model
performance. We minimized overfitting by employing cross‐validation—using a split‐half
design for infant data and ten‐fold for adult data—to compute both RMSE and $R^2$ on held‐
out samples.”

(2) We updated Table 1 to include both RMSE and R² for each model variant and linking
hypothesis. We now reported both RMSE and R² across the two experiments.

We hope these revisions address your concerns by offering a more comprehensive and
transparent assessment of our model’s predictive accuracy.

Regarding your final question, the desired level of fit for insight, our view is that – at least in
theory development – measures of fit should always be compared between alternatives
(rather than striving for some absolute level of prediction). We have attempted to do this by
comparing fit within- and across-samples and via various ablation studies. We now make this
point explicit in the General Discussion:

More generally, while there is no single threshold for what constitutes a “good” model fit, the
strength of our approach lies in the relative comparisons across model variants, linking
hypotheses, and ablation studies. In this way, we treat model fit not as an absolute
benchmark, but as an empirical tool to adjudicate among alternative explanations and assess
the mechanistic plausibility of the model’s components.

The difference in model predictions for identity vs number relative to the empirical data
seems important but isn't given sufficient weight in terms of evaluating whether the
model is or is not providing a good explanation of infant behavior. What would
falsification look like in this context?

We appreciate the reviewer’s observation regarding the discrepancy between model
predictions and the empirical data for identity vs.~number violations. We were also very
interested in this particular deviation and we discuss it in detail in the General Discussion,
noting that RANCH is currently a purely perceptual model, whereas infants’ behavior on
number violations may reflect additional conceptual factors. Moreover, because this analysis
reflects an out-of-sample prediction, we emphasize the overall match between RANCH and
the data (see our global fit metrics) rather than focusing on a single data point. Infant looking
time data also exhibit considerable noise, so we caution against over-interpreting small
discrepancies in any one condition. In principle, a more thorough “falsification” would
involve systematically testing whether larger deviations persist across multiple studies or
stimulus sets, which is beyond the scope of the current work.

https://doi.org/10.7554/eLife.102713.2
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For the novel image similarity analysis, it is difficult to determine whether any differences
are due to differences in the way the CNN encodes images vs in the habituation model
itself - there are perhaps too many free parameters to pinpoint the nature of any
disparities. Would there be another way to test the model without the CNN introducing
additional unknowns?

Thank you for raising this concern. In our framework, the CNN and the habituation model
operate jointly to generate predictions, so it can be challenging to parse out whether any
mismatches arise specifically from one component or the other. However, we are not worried
that the specifics of our CNN procedure introduces free parameters because:

(1) The CNN introduces no additional free parameters in our analyses, because it is a pre‐
trained model not fitted to our data.

(2) We tested multiple CNN embeddings and observed similar outcomes, indicating that the
details of the CNN are unlikely to be driving performance (Figure 12).

Moreover, the key contribution of our second study is precisely that the model can generalize
to entirely novel stimuli without any parameter adjustments. By combining a stable, off‐the‐
shelf CNN with our habituation model, we can make out‐of‐sample predictions—an
achievement that, to our knowledge, no previous habituation model has demonstrated.

Related to that, the model contains lots of parts - the CNN, the EIG approach, and the
parameters, all of which may or may not match how the infant's brain operates. EIG is
systematically compared to two other algorithms, with KL working similarly - does this
then imply we can't tell the difference between an explanation based on those two
mechanisms? Are there situations in which they would make distinct predictions where
they could be pulled apart? Also in this section, there doesn't appear to be any formal
testing of the fits, so it is hard to determine whether this is a meaningful difference.
However, other parts of the model don't seem to be systematically varied, so it isn't
always clear what the precise question addressed in the manuscript is (e.g. is it about the
algorithm controlling learning? or just that this model in general when fitted in a certain
way resembles the empirical data?)

Thank you for highlighting these points about the model’s components and the comparison of
EIG- vs. KL-based mechanisms. Regarding the linking hypotheses (EIG, KL, and surprisal), our
primary goal was to assess whether rational exploration via noisy perceptual sampling could
account for habituation and dishabituation phenomena in a stimulus-computable fashion.
Although RANCH contains multiple elements—including the CNN for perceptual embedding,
the learning model, and the action policy (EIG or KL)—we did systematically vary the “linking
hypothesis” (i.e., whether sampling is driven by EIG, KL, or surprisal). We found that EIG and
KL gave very similar fits, while surprisal systematically underperformed.

We agree that future experiments could be designed to produce diverging predictions
between EIG and KL, but examining these subtle differences is beyond the scope of our
current work. Here, we sought to establish that a rational model of habituation, driven by
noisy perceptual sampling, can deliver strong quantitative predictions—even for out-of-
sample stimuli—rather than to fully disentangle forward- vs. backward-looking information
metrics.

We disagree, however, that we did not evaluate or formally compare other aspects of the
model. In Table 1 we report ablation studies of different aspects of the model architecture
(e.g., removal of learning and noise components). Further, the RMSE and R² values reported
in Table 1 and Section 4.2.3 can be treated as out-of-sample estimates of performance and
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used for direct comparison (because Table 1 uses cross-validation and Section 4.2.3 reports
out of sample predictions).

Perhaps the reviewer is interested in statistical hypothesis tests, but we do not believe these
are appropriate here. Cross-validation provides a metric of out-of-sample generalization and
model selection based on the resulting numerical estimates. Significance testing is not
typically recommended, except in a limited subset of cases (see e.g. Vanwinckelen & Blokeel,
2012 and Raschka, 2018).

Reviewer #1 (Recommendations for the authors):

"We treat the number of samples for each stimulus as being linearly related to looking
time duration." Looking times were not log transformed?

Thank you for your question. The assumption of a linear relationship between the model’s
predicted number of samples and looking time duration is intended as a measurement
transformation, not a strict assumption about the underlying distribution of looking times.
This linear mapping is used simply to establish a direct proportionality between model-
generated samples and observed looking durations.

However, in our statistical analyses, we do log-transform the empirical looking times to
account for skewness and stabilize variance. This transformation is standard practice when
analyzing infant looking time data but is independent of how we map model predictions to
observed times. Since there is no a priori reason to assume that the number of model samples
must relate to looking time in a strictly log-linear way, we retained a simple linear mapping
while still applying a log transformation in our analytic models where appropriate.

It would be nice to have figures showing the results of the grid search over the
parameter values. For example, a heatmap with sigma on x and eta on y, and goodness
of fit indicated by colour, would show the quality of the model fit as a function of the
parameters' values, but also if the parameters estimates are correlated (they shouldn't
be).

Thank you for the suggestion. We agree that visualizing the grid search results can provide a
clearer picture of how different parameter values affect model fit. In the supplementary
materials, we already present analyses where we systematically search over one parameter
at a time to find the best-fitting values.

We also explored alternative visualizations, including heatmaps where sigma and eta are
mapped on the x and y axes, with goodness-of-fit indicated by color. However, we found that
the goodness of fit was very similar across parameter settings, making the heatmaps difficult
to interpret due to minimal variation in color. This lack of variation in fit reflects the
observation that our model predictions are robust to changes in parameter settings, which
allows us to report strong out of sample predictions in Section 4. Instead, we opted to use
histograms to illustrate general trends, which provide a clearer and more interpretable
summary of the model fit across different parameter settings. Please see the heatmaps below,
if you are interested.

Author response image 1.

Model fit (measured by RMSE) across a grid of prior values for Alpha, Beta, and V shows
minimal variation. This indicates that the model’s performance is robust to changes in prior
assumptions.

https://doi.org/10.7554/eLife.102713.2
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Regarding section 5.4, paragraph 2: It might be interesting to notice that a potential way
to decorrelate these factors is to look at finer timescales (see Poli et al., 2024, Trends in
Cognitive Sciences), which the current combination of neural nets and Bayesian inference
could potentially be adapted to do.

Thank you for this insightful suggestion. We agree that examining finer timescales of looking
behavior could provide valuable insights into the dynamics of attention and learning. In
response, we have incorporated language in Section 5.4 to highlight this as a potential future
direction:

Another promising direction is to explore RANCH’s applicability to finer timescales of looking
behavior, enabling a more detailed examination of within-trial fluctuations in attention.
Recent work suggests that analyzing moment-by-moment dynamics can help disentangle
distinct learning mechanisms \autocite{poli2024individual}.Since RANCH models decision-
making at the level of individual perceptual samples, it is well-suited to capture these fine-
grained attentional shifts.

Previous work integrating neural networks with Bayesian (like) models could be better
acknowledged: Blakeman, S., & Mareschal, D. (2022). Selective particle attention: Rapidly
and flexibly selecting features for deep reinforcement learning. Neural Networks, 150,
408-421.

Thank you for this feedback. We have now incorporated this citation into our discussion
section:

RANCH integrates structured perceptual representations with Bayesian inference, allowing
for stimulus-computable predictions of looking behavior and interpretable parameters at the
same time. This integrated approach has been used to study selective attention
\autocite{blakeman2022selective}.

Unless I missed it, I could not find an OSF repository (although the authors refer to an
OSF repository for a previous study that has not been included). In general, sharing the
code would greatly help with reproducibility.

https://doi.org/10.7554/eLife.102713.2
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Thanks for this comment. We apologize that – although all of our code and data were
available through github, we did not provide links in the manuscript. We have now added
this at the end of the introduction section.

Reviewer #2 (Recommendations for the authors):

Page 7 "infants clearly dishabituated on trials with longer exposures" - what are these
stats comparing? Novel presentation to last familiar?

Thank you for pointing out this slightly confusing passage. The statistics reported are
comparing looking time in looking time between the novel and familiar test trials after longer
exposures. We have now added the following language:

Infants clearly dishabituated on trials with longer exposures, looking longer at the novel
stimulus than the familiar stimulus after long exposure.

Order effects were covaried in the model - does the RANCH model predict similar order
effects to those observed in the empirical data, ie can it model more generic changes in
attention as well as the stimulus-specific ones?

Thank you for this question. If we understand correctly, you are asking whether RANCH can
capture order effects over the course of the experiment, such as general decreases in
attention across blocks. Currently, RANCH does not model these block-level effects—it is
designed to predict stimulus-driven looking behavior rather than more general attentional
changes that occur over time such as fatigue. In our empirical analysis, block number was
included as a covariate to account for these effects statistically, but RANCH itself does not
have a mechanism to model block-to-block attentional drift independent of stimulus
properties. This is an interesting direction for future work, where a model could integrate
global attentional dynamics alongside stimulus-specific learning. To address this, we have
added a sentence in the General Discussion saying:

Similarly, RANCH does not capture more global attention dynamics, such as block-to-block
attentional drift independent of stimulus properties.

"We then computed the root mean squared error (RMSE) between the scaled model
results and the looking time data." Why is this the most appropriate approach to
considering model fit? Would be useful to have a brief explanation.

Thank you for pointing this out. We believe that we have now addressed this issue in
Response to Comment #2 from Reviewer 1.

The title of subsection 3.3 made me think that you would be comparing RANCH to
alternate hypotheses or models but this seems to be a comparison of ways of fitting
parameters within RANCH - I think worth explaining that.

We have now added a sentence in the subsection to make the content of the comparison more
explicit:

Here we evaluated different ways of specifying RANCH's decision-making mechanism (i.e.,
different "linking hypotheses" within RANCH).

3.5 would be useful to have some statistics here - does performance significantly
improve?

https://doi.org/10.7554/eLife.102713.2
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As discussed above, we systematically compared model variants using cross-validated RMSE
and R² values, which provide quantitative evidence of improved performance. While these
differences are substantial, we do not report statistical hypothesis tests, as significance testing
is not typically appropriate for model comparison based on cross-validation (see
Vanwinckelen & Blockeel, 2012; Raschka, 2018). Instead, we rely on out-of-sample predictive
performance as a principled basis for evaluating model variants.

It would be very helpful to have a formal comparison of RANCH and other models - this
seems to be largely descriptive at the moment (3.6).

We believe that we have now addressed this issue in our response to the first comment.

Does individual infant data show any nonlinearities? Sometimes the position of the peak
look is very heterogenous and so overall there appears to be no increase but on an
individual level there is.

Thank you for your question. Given our experimental design, each exposure duration
appears in separate blocks rather than in a continuous sequence for each infant. Because of
this, the concept of an individual-level nonlinear trajectory over exposure durations does not
directly apply. Instead, each infant contributes looking time data to multiple distinct
conditions, rather than following a single increasing-exposure sequence. Any observed
nonlinear trend across exposure durations would therefore be a group-level effect rather
than a within-subject pattern.

In 4.1, why 8 or 9 exposures rather than a fixed number?

We used slightly variable exposure durations to reduce the risk that infants develop fixed
expectations about when a novel stimulus will appear. We have now clarified this point in
the text.

Why do results differ for the model vs empirical data for identity? Is this to do with
semantic processing in infants that isn't embedded in the model?

Thank you for your comment. The discrepancy between the model and empirical data for
identity violations is related to the discrepancy we discussed for number violations in the
General Discussion. As noted there, RANCH relies on perceptual similarity derived from CNN
embeddings, which may not fully capture distinctions that infants make.

The model suggests the learner’s prior on noise is higher in infants than adults, so
produces potentially mechanistic insights.

We agree! One of the key strengths of RANCH is its ability to provide mechanistic insights
through interpretable parameters. The finding that infants have a higher prior on perceptual
noise than adults aligns with previous research suggesting that early visual processing in
infants is more variable and less precise.

https://doi.org/10.7554/eLife.102713.2.sa0
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