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SUMMARY

Novelty signals in the brain drive exploration and learning. While the perceived novelty of a stimulus is known
to depend on previous experience, it remains elusive how generalization between familiar and novel stimuli
impacts novelty computation. Specifically, existing models of novelty computation fail to account for the ef-
fects of stimulus similarities that are abundant in naturalistic tasks. Here, we present a biologically plausible
model that captures how stimulus similarities modulate novelty signals in the brain and influence novelty-
driven exploration. By applying our model to two publicly available datasets, we show (1) how generalization
across similar visual stimuli affects novelty responses in the mouse visual cortex and (2) how generalization
across nearby locations impacts mouse exploration in an unfamiliar environment. Our model explains distinct
neural and behavioral signatures of novelty, makes mechanistic predictions about synaptic plasticity rules in

novelty-computing circuits, and enables theory-driven experiment design.

INTRODUCTION

Novelty signaling in the brain is vital to facilitate learning,’™®
enhance sensory processing,'®'® and drive behavior.'®?®
Many experimental studies use computational models of novelty
to explain and predict the effects of novelty on neural activity and
behavior.?0 242931

However, the concept of novelty and its quantification in these
studies relies on the assumption that stimuli are either “identical”
or “different.” This approach neglects any generalization be-
tween stimuli and causes substantial limitations in environments
that are continuous or exhibit stimulus similarities. For example,
consider two previously unobserved stimuli that are similar to
each other but not identical, e.g., two paintings by the same artist
that exhibit a similar painting technique and style. If the two stim-
uli are presented sequentially, then how “novel” is the second
painting after observing the first one? Classic novelty models
force us to either (1) consider the two stimuli as entirely separate,
implying that the second painting is completely novel despite its
similarity to the first or (2) consider them as identical, predicting
that the second painting and a repetition of the first painting
would be experienced as equally familiar. Both options are at
odds with what we would expect from human and animal
perception.® In the same way, classic novelty models fail to
address novelty computation in continuous environments, e.g.,
during spatial exploration. Indeed, several experiments suggest
that the brain’s novelty response to a given stimulus does not

merely depend on the number of exposures to the exact stimulus
but is also modulated by exposure to specific features of the
stimulus'®°%7%° (discussion). These observations raise the ques-
tion of how computational models of novelty can account for
generalization across similar stimuli.

In the field of machine learning (ML), novelty-like signals are
used to guide artificial agents during exploration of unfamiliar en-
vironments with sparse or no rewards.**™*? These novelty-like
signals are often computed as decreasing functions of the
observed frequency of a given stimulus (“state”). The observed
frequency is computed by neural networks that, through training,
generalize across similar states.®*™? The success of such nov-
elty-guided artificial agents in exploring complex environments
highlights the functional relevance of generalization across
similar stimuli and locations in the environment. However, ML
models rely on extensive training to estimate novelty, as well
as architecture and learning rules with limited biological plausi-
bility and interpretability.

Here, we propose a biologically plausible modeling framework
for novelty computation (“similarity-based novelty”) that com-
bines the strengths of classic and ML-inspired novelty models
to capture the effects of generalization on novelty computation.
Our model is consistent with classic novelty models?®-2429-31:43
in environments with discrete stimuli but extends to continuous
spaces and environments with similarity structure. We test our
similarity-based novelty model on two datasets and derive new
experimental predictions.
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Figure 1. From count-based to similarity-based novelty

(A) Stimulus counts as in Equation 1 (middle) and count-based novelty responses as in Equations 2 and 3 (right) for an example sequence of four Gabors,
characterized by their angular orientations between 0° and 180° (left). Leakiness is setto @ = 0. Each time we observe a stimulus, its count increases by one unit.
Different stimuli (e.g., here: 45° vs. 135°) are counted separately. Stimulus novelty is a decreasing function of the stimulus count.

(B) Count-based novelty responses (middle and right), as on the right in (A), for two additional example sequences of four Gabors (left). The three sequences in
(A) and (B) are identical except for the second stimulus. Novelty predictions for the three Gabor sequences in (A) and (B) depend on the chosen distinction
threshold between stimuli. Stimuli are counted as different if they differ by more than 10° (middle) or 20° (right), respectively.

(C) Similarity-based novelty as defined in Equations 4, 5, and 6, using triangular components centered at reference orientations 0°, 45°, 90° and 135° (left; see
STAR Methods). Component weights encode the empirical frequency of each component, and they change relative to the activation of their associated
component (middle). Vertical dashed lines in (C) (left, middle) indicate stimulus locations in the interval [0°,180°]. Similarity-based novelty predictions (right) reflect
the different levels of similarity between the first two stimuli across the three sequences.

See also Figure S1.

RESULTS The "stimulus representation” specifies how stimuli from the

environment are represented. For example, Gabor-like visual

Count-based novelty models fail to account for similarity
modulation of novelty responses

Most algorithmic models of novelty computation in the
brain?0-2429-31:44.45 are hased on estimating the count-based fre-
quency at which stimuli (e.g., sensory stimuli, spatial locations,
etc.) have been observed: the more often a stimulus is observed,
the less novel it is. These “count-based” novelty models usually
consist of four building blocks: (1) a stimulus representation, (2)
stimulus counters, (3) an empirical frequency function that mea-
sures the familiarity of stimuli, and (4) a novelty function that com-
putes the novelty of stimuli as a decreasing function of their
familiarity.?0-242931
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stimuli could be characterized by their angular orientation
(Figure 1A, left). The "stimulus counters" C®(s) keep track of
how often a stimulus s has been observed up to time t: every
time the stimulus s is observed, its counter C(s) is increased
by one unit (Figure 1A, middle). In the following, we consider
"leaky" count-based novelty, where the stimulus counters
CW(s) decay with a factor (1 — a), @ € [0,1], in each time step:

CO(s) = (1 — a)C*V(s)+6(st,5), (Equation 1)

where 5(st, s) is 1 if the current observation s; is equal to stimulus
s and 0 otherwise. The leakiness of the counters captures the ef-
fect of forgetful stimulus memory (see STAR Methods for
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details). A value of @ = 0 corresponds to non-leaky count-based
novelty. Count-based novelty models use separate counters for
different stimuli. Examples where stimuli can be clearly identified
as distinct or identical are human studies in abstract sequential
decision-making tasks.?>*® However, as we illustrate below,
counting, be it leaky or non-leaky, is not well-defined in contin-
uous stimulus spaces, causing problems with count-based nov-
elty predictions.

The third element of count-based novelty models is the
"empirical frequency" function p that measures the familiarity
of a given stimulus s at time t + 1:

() )
pt(s) = %, (Equation 2)
where C)(s) are the stimulus counters, T; = (1 —a)T; _1+ 1 is
the leaky time count, and |S| is the number of different stimuli.
At time t = 0, all stimuli start with the same prior frequency
p©(s) = 1/|S|. The frequency increases if a stimulus s is
observed (by increasing the stimulus count C)(s) and time
count T;), and decreases if it is not observed (by increasing
only the time count T;). The parameter ¢ regulates how much
the frequency estimate p(®) is influenced by the (uniform)
prior p©,

The last element of count-based novelty models is the "nov-
elty" function N. The novelty of a stimulus s decreases nonli-
nearly with its familiarity:

NO(s) = — logp?(s), (Equation 3)

where the negative logarithm is a standard choice of nonlinearity
in the novelty literature.*>“® The combination of empirical count-
based frequency (Equation 2) and logarithm (Equation 3) makes
the novelty decrease rapidly during the first few observations of a
stimulus s (Figure 1A, right), in line with experimental
observations.*’

While count-based novelty predicts the novelty of stimuli that
can be clearly identified as distinct or identical, it is not well-
defined for stimuli with varying degrees of similarity. To illustrate
this, we consider a toy example: we present three stimulus se-
quences with varying levels of stimulus similarities to two
count-based novelty models with different distinction thresholds
between stimuli (Figures 1A and 1B, left). Each sequence con-
sists of four Gabor stimuli, characterized by their angular orien-
tation. The three sequences are identical except for the second
stimulus, which varies in similarity to the first (seqg. 1: identical,
seq. 2: 15° difference, seq. 3: 40° difference). We evaluate the
novelty response to each stimulus as predicted by two count-
based novelty models (without leak, @ = 0): the first model con-
siders Gabors as distinct if they differ by more than 10°
(Figure 1B, middle) and the second one if they differ by more
than 20° (Figure 1B, right). These threshold values are consistent
with the range of psychometric thresholds for orientation differ-
ences in mice.*® For sequence 1 and sequence 3 (orange and
purple lines in Figure 1B), both count-based novelty models pre-
dict qualitatively similar novelty responses: every time we
observe the first stimulus, its novelty decreases (seq. 1: att =
2.t = 4; seq. 3: at t = 4), while previously unseen stimuli
show high novelty responses (seq. 1:t = 1,t = 3;seq. 3:t =
1,t = 2,t = 3). Since we are measuring frequencies, and the
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initial counts C© in Equation 2 are zero for all stimuli, the re-
sponses to completely novel stimuli increase during the observa-
tion of the sequence (with different slopes, depending on the
distinction threshold, i.e., the number of stimulus counters).
Importantly, for the second sequence, the two count-based
models predict novelty responses that are either identical to
the third sequence (low distinction threshold, distinct first two
stimuli; Figure 1B, middle) or the first sequence (high distinction
threshold, identical first two stimuli; Figure 1B, right). This exem-
plifies that count-based novelty models do not account for stim-
ulus similarities beyond a simple distinction between same and
different, contradicting both common-sense intuition and exper-
imental evidence'®**~*° (discussion). A more intuitive notion of
novelty would allow novelty to be modulated by similarities be-
tween stimuli.

Similarity-based novelty

To address the limitations of count-based novelty models, we
propose a generalized novelty model ("similarity-based novelty")
that accounts for the effect of stimulus similarities and allows us
to model novelty in continuous stimulus spaces. Its core differ-
ence to count-based novelty models is that, instead of
computing the familiarity of stimuli as a function of their discrete
empirical frequency (Equation 2), our model uses probabilistic
mixture models to compute a continuous empirical frequency
density across the stimulus space S.

The idea of mixture models is to represent a complex probabil-
ity density as the weighted sum of simpler probability densities
(mixture “components”) over the stimulus space.*® The mixture
components can have arbitrary shapes, as long as they are non-
negative and their integral over the stimulus space is one. In gen-
eral, each component can overlap with an arbitrary number of
other components. In the context of our problem, mixture com-
ponents can serve as a flexible way to express stimulus similar-
ities in both discrete and continuous spaces. For example, in our
toy example, we can choose overlapping triangular components
to account for orientation similarities (Figure 1C). Each compo-
nent encodes the similarity of any given stimulus to a fixed refer-
ence stimulus, i.e., the orientation at the center of the triangular
component. The pairwise similarity between two arbitrary stimuli
can thus be described by the overlap in components they
activate.

Based on the components, we define the familiarity p of a
stimulus s at time t+1 as a mixture model that generalizes the
empirical frequency in Equation 2:

N

p(s) = > wk(s),

i=

(Equation 4)
where kq, ..., ky are the components that account for similarities
in the stimulus space, and wﬁt)7..,,w,<6>, with Z/’-V: 1 W/@ = 1arethe
weights with which each component contributes to the empirical
frequency p® at a given time point t. In order for p to represent a
meaningful and consistent notion of familiarity across space and
time, we must choose the weights w,m appropriately. We do
so using statistical inference: after a sequence of observations
S1,...,St, we choose the weights so as to maximize the likelihood
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Figure 2. Similarity-based novelty robustly explains novelty responses in mouse V1

(A) Passive viewing task of Homann et al.°" A sequence of images is presented repeatedly, except that the lastimage in the last sequence repetition is replaced by
a novel, i.e., previously unseen, image (X). Familiar images in the sequence and novel images X each consist of a linear superposition of 40 Gabor filters with
random parameters.

(B) The components of similarity-based novelty (k; in Equation 4) emulate V1 simple and complex cells.®”*® “Simple cell”-like components compute the cosine
similarity between the stimulus image s and their reference Gabor (defined by its preferred orientation, phase, frequency, and location) and pass it through a non-
negative function ¢ (here: ReLU for all components; see STAR Methods) to compute their component activation. The activation of a “complex cell”-like
component is computed by applying the same function ¢ to the sum of 2 simple cell-like component activations with opposite phase.

(C) Three variations of the passive viewing experiment®' in (A), with example population traces predicted by similarity-based novelty simulations (black line:
average across 10 individual simulations [gray lines] for different image sequences). We measure responses AN to the novel image X for (1) different number L of
sequence repetitions (M = 3 fixed; C1) and (2) different number M of familiar images in a sequence (L = 18 fixed; C1). We further assess the recovery from

(legend continued on next page)
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of the observed sequence. The resulting update for the similarity-
based novelty weights Wj(t) can be reformulated as an iterative
learning rule that updates the weights in a multiplicative fashion
(STAR Methods). Under the biologically motivated assumption
that the similarity-based weight update uses a constant learning
rate, its learning rule can further be linked to existing®>*"-°=°% or
new (STAR Methods) circuit models of novelty computation.

Analogously to leaky count-based novelty, we define “leaky”
similarity-based novelty by accounting for gradual forgetting of
past stimulus observations. The weights WI@ of leaky similarity-
based novelty are given as

()
WO - R +e
/ Ti+Ne’

(Equation 5)

where R/@ represents a leaky “soft counter” of past component
observations j:

RY = (1 - aR" "4yl (Equation 6)

J J
The soft counter R/.(” is counting “responsibilities” y;t) that
represent how well a given component of the mixture distribution
is explaining the current stimulus observation (STAR Methods).
Analogously to the leaky stimulus counters in count-based nov-
elty, the forgetfulness of the soft counter R;') is regulated by the
leakiness parameter a. Using the component weights defined in
Equation 5 along with suitable stimulus and component represen-
tations, we estimate the familiarity of a stimulus s at time t by its
empirical frequency p®(s). The definition of familiarity in
Equations 4 and 5 implies that similar stimuli influence each
other’s familiarity via the components they share. For example,
if a stimulus activates two (overlapping) components, its familiar-
ity will be influenced by other stimuli that share any of the two com-
ponents. Analogously to count-based novelty (Equation 3), we
then apply the negative logarithm to p(®) (s) to compute the novelty
N®(s). The resulting novelty model (similarity-based novelty) is (1)
well defined in both discrete and continuous stimulus spaces, (2)
accounts for similarities between stimuli via its components, and
(3) is equivalent to classical count-based novelty in discrete stim-
ulus spaces without similarity structure (STAR Methods).
Toillustrate the differences between count-based and similar-
ity-based novelty, we compare their novelty predictions in our
toy example (Figures 1A and 1B, left). Analogous to the count-
based model (Figure 1B, middle and right), we predict the novelty
responses to each stimulus in each sequence using similarity-
based novelty (Figure 1C). As components, we choose equidis-
tantly placed, triangular functions that encode orientation simi-
larities as linearly decreasing functions of their angular difference
(Figure 1C, left and middle). This resembles a piecewise-linear
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approximation to the tuning curves of orientation-selective cells
in V1.%7°8 |n contrast to count-based novelty, similarity-based
novelty predictions for the second stimulus increase with the
angular difference to the first stimulus (Figure 1C, right), reflect-
ing the varying degree of similarity between the first two stimuli
across the three sequences. An analogous similarity-driven
decrease of novelty responses is predicted for the stimulus at
time t = 4. Note that the novelty predictions for the third stim-
ulus in each sequence are not influenced by similarity because
it is so dissimilar to other stimuli in the sequence (>50° difference)
that it does not share any components. For wider components,
generalization across stimuli also affects the third stimulus
(Figure S1). This toy example illustrates that, in contrast to
count-based novelty, similarity-based novelty generalizes famil-
iarity across stimuli based on their similarity, as defined by the
underlying components.

Similarity-based novelty explains novelty responses in
mouse V1

We wondered whether similarity-based novelty can capture nov-
elty responses in the mouse primary visual cortex (V1) during
passive viewing of familiar and novel images. The visual stimuli
in the passive viewing experiment of Homann et al.®' are images
that each consist of multiple randomly placed and randomly ori-
ented Gabor filters (Figure 2A). Homann et al. study V1 novelty
responses in mice during three variations of their experiment
(Figures 2C1 and 2C2). In the first variant (“L-experiment”), a
sequence of three images (M = 3) is presented for L repetitions
(L = 1,3,8,18,38) before a "novel" image (X) is shown in the sub-
sequent repetition (Figure 2C1). Here, a novel image is defined as
animage that is not in the set of familiar images that are shown as
part of the repeating image sequence. The neural population
response to the novel image increases with L (Figure 2F1, black
line). In the second variation of the experiment (“M-experiment”),
the number M of familiar images in the sequence is varied (M =
3,6,9,12; Figure 2C1), while the number of sequence repetitions
L remains constant (L = 18). Increasing M decreases the neural
responses to the novel image (Figure 2F2, black line) but does
not significantly affect the steady-state population activity after
habituation to the familiar sequence (Figure 2F2, black line in
inset). The third variation ("L’-experiment") investigates the re-
covery from familiarity: after neural responses to a familiar
sequence (“adaptor,” M = 3) have converged, a novel
sequence of images (“replacement,” M = 3) is presented for
L’ repetitions, before the initial sequence is shown again and
the neural population response AN is measured (Figure 2C2).
The recovered novelty response to the formerly familiar
sequence increases with L’ (Figure 2F3, black line).

familiarity (C2): after novelty responses to an initial sequence (adaptor) have converged, a different sequence (replacement) is presented for L’ repetitions.
Subsequently, the recovered novelty response AN to the initial sequence (probe) is measured (M = 3 fixed).

(D and E) Fitted (D) and leave-one-out cross-validated (E) mean squared error (MSE) between neural novelty responses®' and novelty responses predicted by
fitted count-based and similarity-based novelty, combined across the three experiments. Error bars show the SEM, estimated with jackknife resampling of the

fitting and cross-validation process, respectively (STAR Methods).

(F) Average neural novelty responses®’ (black line, error bars: SEM across n = 5 mice) and average novelty predictions AN (blue and red lines) by fitted models on
the held-out data (here: single data point) as a function of sequence repetitions L (F1), sequence length M (F2), and recovery repetitions L’ (F3). Inset in F2: steady-
state responses N, to the familiar sequence. Individual blue and red data points show model predictions obtained by jackknife resampling of the cross-validation

process (as in E).
See also Figures S3 and S4.
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Figure 3. Similarity-based novelty explains mouse exploration in an unfamiliar maze

(A) The maze of Rosenberg et al.>® We define states (blue circles, example states on a short trajectory) with respective actions (purple arrows): (1) a single action in
the home cage (go into the maze), (2) three actions at branching points (turn left, right, or backward), and (3) one action in the end nodes (turn back). To investigate
intrinsically driven exploration, we consider mouse behavior before their first encounter with the goal state (red square).

(B) In each time step t, a novelty-seeking RL agent takes its current position (state s;) as input and computes the state novelty using its internal novelty model. Then
it updates its internal value function and policy based on model-based RL (STAR Methods) and chooses its next action, a; from its policy.

(C1 and C2) Counts and components used for the RL agents’ internal novelty models. (C1) Components of different granularity that tile the state space into
"areas" of the maze, e.g., into quadrants in the level-2 representation. Each component is active in a given area of the maze (marked in different colors). For
example, the purple level-2 component kg is active in all states within the purple quadrant, while states further up in the tree have separate counters (marked in
blue in C2). Level-6 components correspond to count-based novelty, with separate counters for each state (C1, right). For the computation of novelty, we
consider either similarity-based novelty with level-/ components, / = 1,...,5; count-based novelty (corresponding to level-6 components); or a combined count-
and similarity-based model (level-6 components and level-/, | = 1,...,5 components).

(D) Novelty signals predicted by a count-based novelty agent (blue), a level-5 similarity-based novelty agent (purple), and a combined count- and level-5 similarity-
based novelty agent (red) on an example path through the maze. Numbers indicate relevant behavioral events along the path: first entry into (1) the maze, (2) novel
level-5 component, (3) novel level-6 component, (4) novel level-5 component, and (5) novel level-2 component (quadrant).

(E) Model fit of novelty-seeking RL models to mouse exploration behavior, as indicated by the model log-evidence (LE, log-likelihood augmented by penalty for
number of parameters; see STAR Methods), for model-based RL agents seeking either similarity-based or count-based novelty (blue), and model-based RL
agents seeking combined count- and similarity-based novelty (red).

(legend continued on next page)
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To test whether these qualitative features of novelty responses
in V1 can be captured by leaky count-based and similarity-based
novelty, respectively, we fit each novelty model to the combined
experimental data®" from all three experiments (STAR Methods).
The fitted parameters of each model minimize the mean squared
error (MSE) between the statistics of predicted and measured
neural novelty responses in all three experiments. For the
count-based novelty model, all images are considered as
distinct. For the similarity-based novelty model, we define com-
ponents that emulate either V1 simple cells®”°® with specific
orientation, phase, frequency, and location preference, or V1
complex cells®”°® that combine the feature preferences of two
V1 simple cells with opposite phase (Figure 2B, see STAR
Methods). The number of bins (for count-based novelty) and
components (for similarity-based novelty) as well as the leaki-
ness parameter a are free parameters that are fitted jointly with
the remaining parameters of each model using grid search
(STAR Methods).

Novelty responses as predicted by the fitted similarity-based
novelty model capture data substantially better than count-
based novelty (Figure 2D). To control for the possibility of over-
fitting by the more complex similarity-based model, we cross-
validate this finding by leave-one-out cross-validation
(Figure 2E). Moreover, on the held-out data (Figure 2F), similar-
ity-based novelty (red) explains the features of V1 novelty re-
sponses across all three Homann experiments. By contrast,
count-based novelty (blue) deviates from V1 novelty responses,
most notably in the L- and M-experiments. To investigate why
count-based novelty fit V1 novelty responses less well and less
robustly, we perturbed single parameters from their fitted values
(Figure S3). We found that the fit of count-based novelty is highly
susceptible to changes of the leakiness parameter «. In partic-
ular, slight deviations from the fitted a-value led to instant satu-
ration of the novelty responses predicted by count-based nov-
elty (Figure S3D). This indicates that count-based novelty
needs to trade off the timescales required for each experiment:
a higher-than-fitted a in the L-experiment causes the predicted
novelty responses to reach their steady state in very few repeti-
tions, preventing the gradual saturation of novelty responses
observed in the neural data. Simultaneously, a lower-than-fitted
a prevents the decline of novelty responses with increasing stim-
ulus sequence length M. By contrast, similarity-based novelty
maintains its good fit across the majority of a values
(Figure S3E). Moreover, for other model parameters, the fit of
similarity-based novelty is stable across the entire parameter
range (Figures S3A and S3C). The better and more robust fit of
similarity-based novelty is based on the model’s capacity to
generalize familiarity across similar stimuli. For example, in the
M-experiment, generalization leads to a natural decrease of nov-
elty responses as the number M of familiar stimuli and, thus, the
feature overlap with the novel stimulus increases. As a result,
similarity-based novelty avoids a trade-off of leakiness time-
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scales and achieves a better and more robust fit to neural re-
sponses across all three experiments.

Similarity-based novelty explains mouse exploration in
an unfamiliar maze

Going beyond the passive viewing task, we now ask whether
similarity-based novelty also helps explain behavioral signatures
of novelty processing during active exploration. Behavioral data
by Rosenberg et al.>® show exploration of mice in an unfamiliar,
freely accessible maze (Figure 3A). The maze has the structure of
a binary tree (Figure 3C2): mice enter the maze through a single
corridor that branches into two corridors, each of which
branches again into two corridors, etc. After six branching
points, each corridor ends in a wall (“end node”), where mice
can only turn around. Half of the mice do not receive any reward,
and the other half receive a drop of water upon licking a reward
port in one of the maze’s end nodes (“goal state”). To only
include novelty-driven behavior in our analysis, we consider
mice behavior before the first encounter with the goal state in
both the unrewarded and the rewarded groups. During this initial
exploration phase, mice from the rewarded and the unrewarded
groups have access to identical information and do not show sig-
nificant behavioral differences.*®

We model mouse behavior using novelty-seeking reinforce-
ment learning (RL) models that maximize intrinsically computed
novelty instead of extrinsic rewards from the environment
(Figure 3B, see STAR Methods). To compare the exploration
behavior of different “agents,” i.e., mice and novelty-seeking
RL models, we define “states” and “actions” in the maze. States
include the home cage, the branching points, and the end nodes
(blue circles in Figure 3A). In each of the branching points, mice
or RL agents can take one of three actions (purple arrows in
Figure 3A): (1) going down the left corridor until the next branch-
ing point or end node, (2) going down the right corridor until the
next branching point or end node, or (3) going back to the previ-
ous branching point. In the home cage and the end nodes,
agents only have one available action, i.e., going back.

We compare mouse behavior to model-based novelty-
seeking RL models and ask whether seeking leaky count-based
novelty, leaky similarity-based novelty, or a combination of both
best explains mouse behavior. For similarity-based novelty, we
define components as abstract “place fields” that encode
spatial similarity in the binary tree by considering localized
“areas” of the maze (e.g., a given quadrant of the maze). The
size of the area encoded by a given component defines the
spatial scale (“granularity level”) across which it generalizes fa-
miliarity. For example, a “level-2” component (Figures 3C1 and
3C2) generalizes across all states in one quadrant, while a
“level-5” component (Figure 3C1) generalizes across two neigh-
boring end nodes and their closest branching point. The home
cage as well as each branching point outside of the set of areas
covered at a given level are treated as separate states

(F) As a further approximation of the model LE, we calculate the cumulative negative LL across held-out sets in 5-fold cross-validation (“CV-LL,” based on splits of
the set of mice) for the best count-based and best combined count- and similarity-based RL agents from (E) (all agents: see Figure S5). The difference in LE and
CV-LL can be interpreted as log-Bayes factors, respectively; differences greater than log(20) = 3 and log(150) = 5 are considered as significant and strongly

significant.®%"
See also Figure S5.
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(Figure 3C2). For count-based novelty, we count each state in
the maze separately —this is equivalent to using level-6 similar-
ity-based components (i.e., abstract place fields of smaller
size). Agents seeking a combination of count-based and similar-
ity-based novelty use two sets of components: (1) counts, i.e.,
level-6 components, and (2) components of one additional level
/< 6. Novelty signals are computed separately for each set of
components and combined into a final novelty signal through a
weighted sum with fitted weight (STAR Methods). Using a com-
bination of smaller components (/| = 6) and larger components
(I < 6) reflects findings that hippocampal place cells have place
fields of different sizes.®?

Count-based, similarity-based, and combined count-similar-
ity-based novelty models produce qualitatively different novelty
signals along a fixed example path (Figure 3D). For example,
level-5 components (purple line) generate strong novelty re-
sponses upon encountering an unseen group of neighboring
end nodes and associated branching points (events 2 and 4)
that gradually decay while staying within that group of states.
By contrast, count-based (level-6) novelty (blue line) reacts
with approximately equal novelty to the two novel end nodes
and branching point (events 2 and 3). Both level-5 and count
(level-6) components generate similar novelty predictions for
states higher up in the binary tree (events 1 and 5). The combined
model is a mixture of both signals (red line). To test how the
spatial scale of generalization affects novelty-driven exploration,
we compare (1) count-based novelty, (2) similarity-based novelty
models with components of different granularity levels (levels
1-5), and (3) combined count-similarity-based novelty models
with count components and one additional set of components
(levels 1-5) to mouse behavior.

We fit all model variants described above, i.e., model-based
RL with different novelty types (count-based, similarity-based,
and combined count-similarity-based) for all levels of granularity,
to mouse behavior, using maximum likelihood estimation of the
parameters (STAR Methods). Bayesian model comparison be-
tween all fitted models (STAR Methods) shows that exploration
driven by combined count-similarity-based novelty with best-
fitting granularity explains mouse behavior significantly better
than exploration driven by count-based novelty (Figures 3E
and 3F), despite higher model complexity (accounted for through
a penalty in the model log-evidence, Figure 3E, and by cross-
validation, Figure 3F). In particular, the combined novelty model
with level-5 components and count (level-6) components best
explains the exploration behavior of mice. Components of gran-
ularity / = 5 generalize across two immediately neighboring end
nodes and their shared branching point and correspond to place
fields that cover two neighboring end nodes as well as the
corridor connecting these. Components of granularity / = 6
correspond to localized place fields restricted to a single
endpoint or corridor. Hence, the combination of "place fields"
of two different sizes leads to the best prediction of behavior.

A framework for new theory-driven experiments

In the previous sections, we showed that similarity-based nov-
elty captures V1 novelty responses and novelty-driven explora-
tion in mice. In this section, we illustrate why similarity-based
novelty presents a flexible modeling framework for novelty
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computation across tasks and ask whether we can use similar-
ity-based novelty to make testable predictions for new experi-
mental protocols.

The core elements of similarity-based novelty are (1) the non-
negative component functions k; that encode stimulus similar-
ities in the representational space and (2) the history- and
time-dependent weights w;t) that encode the frequency of
each component (Figure 4A). The weights are updated with a
bio-plausible, multiplicative plasticity rule that is directly
derived from the normative approach and remains the same
across different choices of component functions. The compo-
nent functions, on the other hand, can be flexibly adapted to
model different datasets. In this work, we presented three types
of components: (1) simple, one-dimensional components that
capture orientation similarity (Figure 4B1), (2) V1-like compo-
nents that capture similarities in high-dimensional image space
(Figure 4B2), and (3) abstract place field-like components that
capture spatial similarities in a binary tree maze (Figure 4B3).
Importantly, these choices of component functions all share
three basic elements (Figure 4A). The first is a set of reference
stimuli r; that form “representative samples" for similarity
computation, e.g., equidistantly spaced orientations (Figure
4B1), the preferred inputs of V1 simple or complex cells
(Figure 4B2), or specific branching points in a maze (Figure
4B3). The second element is a similarity measure f between
pairs of stimuli, e.g., the Euclidean distance of angles (Figure
4B1), cosine similarity in pixel space (Figure 4B2), or a short-
est-path distance (Figure 4B3). The third element is a non-
negative function ¢ that transforms the similarity between an
input stimulus and the reference stimuli into component activa-
tions, capturing how stimulus similarities influence the stimulus
familiarity (green line in Figures 4B1-4B3). Thus, with a single
probabilistic framework for novelty, we can model novelty
computation and its modulation by stimulus similarities across
different tasks and datasets.

While several studies®*?>*'*! have tested the impact of
recency and repetition on the novelty of a stimulus, systematic
work on how generalization across stimuli impacts novelty sig-
nals is absent. We propose a new experimental protocol
(“sum-of-parts” experiment, Figures 4C1-4C3) to close this
gap. Like in the M-experiment of Homann et al.,°' a sequence
of M familiarimages (M = 3,6,9,12) is presented for L repetitions
before a novel image X is shown. In contrast to the previous ex-
periments, however, the Mox familiar stimuli are chosen such
that, after a controlled transformation, they make up equal parts
of the novel image X (Figure 4C1; Mmax = 12). The degree of
similarity between the familiar sequence and the image X is
controlled by the amplitude of the transformation (here: rotation
of the Gabors in the image X). Importantly, the stimuli in the
familiar sequence are fully distinct (zero pairwise similarity), but
each of them has equal similarity to the novel image X
(Figure 4C2, top). The higher the rotation of the novel image X,
the lower the similarity between familiar images in the sequence
and X (Figure 4C2, bottom). The same experiment can also be
performed, e.g., with more naturalistic images, as long as pair-
wise similarities between the familiar parts of the novel image
are sufficiently low. Using similarity-based novelty, we predict
the novelty responses for different lengths M of the familiar
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Figure 4. A framework for new theory-driven experiments

(A) Similarity-based novelty represents the familiarity of stimuli as a probabilistic mixture model, using (1) non-negative component functions that capture
similarities between stimuli, and (2) component weights encoding the empirical frequency of each component in past observations.

(B1-B3) The similarity-based novelty framework can be adapted to modeling neural data and behavior across different tasks, enabling task- and stimulus-specific
novelty predictions with a single probabilistic framework.

(C1-C3) Schematic of a proposed experimental protocol. (C1) A sequence of M familiarimages (M = 3,6,9,12) is presented for L repetitions, before a novelimage
X is shown. All 12 familiar stimuli are chosen such that, after a controlled transformation (here: rotation of the Gabors), they contribute equal parts to the novel
image X. The degree of similarity between familiarimages and the image X is controlled through the amplitude of the transformation (here: rotation angle). (C2, top)
Equal pairwise similarity between the M images in the familiar sequence (here: 0 similarity, shown for M = 3), and between each familiar image and X. (C2,
bottom) The larger the rotation angle of the Gabors in X, the lower the pairwise similarity between any familiar image and X. Circles denote the rotation values for
which novelty predictions were computed in C3. (C3) Novelty signals as predicted by similarity-based novelty for different values of M and different angles of
rotation of X. For high similarity (low rotation) between familiar and novel images, novelty responses decrease with M (dark blue, "generalization-dominant"
regime). For low similarity (high rotation), novelty responses increase with M (light blue, "recency-dominant" regime).

See also Figure S6.

sequence (M = 3,6,9,12) and for different levels of similarity be-  the “generalization”-dominant regime (high similarity, dark blue
tween the familiar and novel images (Figure 4C3). Similarity- in Figure 4C3) to the “recency”-dominant regime (low similarity,
based novelty predicts that, for high similarity between familiar  light blue in Figure 4C3). These predictions of similarity-based
and novel images, novelty responses decrease with M due to  novelty are robust with respect to its model parameters
similarity-based generalization of familiarity. However, for low  (Figure S6). Our sum-of-parts protocol exemplifies how similar-
similarity between familiar and novel images, similarity-based ity-based novelty enables new theory-driven experiment
novelty predicts the opposite trend, i.e., that novelty responses  design. When used with appropriate naturalistic stimuli, our pro-
increase with M due to the memory leakage in longer sequences.  tocol can also be extended to brain areas beyond V1 and facili-
This suggests that, as the similarity between familiar and novel tate insights into novelty computation across the visual process-
images increases, the novelty responses gradually shift from ing hierarchy.
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DISCUSSION

We developed a model of novelty computation that accounts for
the impact of stimulus similarities on novelty computation. We
showed that similarity-based novelty successfully captures
both novelty responses in mouse V1°' and novelty-driven explo-
ration of mice.”® We further used similarity-based novelty to
make testable predictions in a novel experimental protocol.

Our results suggest that similarities between unfamiliar and
familiar stimuli significantly influence both neural and behavioral
signatures of novelty-related processing in the brain. Specif-
ically, (1) similarity to familiar stimuli attenuates the novelty
response to a previously unobserved stimulus, and (2) general-
ization of familiarity across nearby spatial locations makes
exploration more efficient by reducing the time spent exploring
“similar” (= close-by) regions in the maze. Our model unifies
these findings by showing that they can both arise due to the
modulation of novelty signals by stimulus similarities. Building
on this, we predict that novelty responses in other sensory mo-
dalities™'?**%% and in the hippocampus®®'" as well as down-
stream novelty signaling in salience-related regions®2#2°:35:64
could also be influenced by generalization across stimuli. If this
prediction is true, it would have important implications for the
experimental study of novelty: novel input stimuli should either
be chosen as almost perfectly distinct (e.g., Ghazizadeh and Hi-
kosaka’, Xu et al.?°, and Zhang et al.*®) to eliminate the impact of
stimulus similarities on novelty signals, or their similarity should
be controlled for as an experimental variable.

Our similarity-based novelty model also allows us to reinter-
pret existing experimental findings. For example, a study by
Montgomery'® investigating the impact of luminance on mice
exploration in otherwise identical mazes finds that the degree
to which mice explore a new maze increases as a function of lu-
minosity difference (i.e., dissimilarity) between the new maze and
the previously explored one. Along the same lines, DeBaene and
Vogels®® report that neuronal adaptation in the monkey inferior
temporal (IT) cortex significantly depends on the difference be-
tween adaptor and test stimulus with respect to features such
as object shape and location. This suggests possible circuit im-
plementations through which stimulus similarities could modu-
late novelty signals (STAR Methods).

Insights from ML support the functional need to generalize
novelty across similar stimuli,** because two problems need to
be solved: (1) mapping a diversity of high-dimensional inputs
to reasonable abstract states (“view invariance”), and (2)
grouping states together based on their shared characteristics
(“state invariance”). Similarity-based novelty solves the second
problem by expressing similarities in a given representation
space by (potentially overlapping) component functions. Impor-
tantly, similarity-based novelty does not aim to solve the problem
of learning a suitable stimulus representation, but it provides a
flexible framework to compute novelty signals given an abstract
feature representation. In our work, we constructed stimulus
representations based on experimental knowledge and hypoth-
eses. In general, however, similarity-based novelty is not limited
to handcrafted representations but can also be used, e.g., in the
latent space of trained deep networks with “brain-like” repre-
sentations,®>°° or on representations learned with biologically
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plausible learning rules.®”~°° Using learned representations will
remove design choices that we had to make in our handcrafted
representation. For example, while our V1 results are stable with
respect to a change in component width (Figure S3), our behav-
ioral exploration results do depend on the granularity level, i.e.,
the width of the spatial components. In this case, optimal gran-
ularity could arise naturally from a learned model of place cells.

Some ML algorithms solve both the view invariance problem
(i.e., finding a good representation) and the state invariance
problem (i.e., grouping similar representational states together)
simultaneously by training deep networks to estimate the state
familiarity, e.g., via pseudo-counts,***” hashing to discrete
bins,*®’° or construction of meaningful latent spaces.”’ The
fact that most of these methods are trained “end to end” is
both an advantage, because they learn an appropriate state rep-
resentation simultaneously with the familiarity density, and a
disadvantage, because they require learning a separate density
estimation network using backpropagation instead of computing
novelty from existing representations, such as place cells.

One of the central advantages of similarity-based novelty is its
biologically interpretable (local) learning rule. Specifically, the
weights that capture the empirical frequency of each component
are updated with a multiplicative learning rule. While similarity-
based novelty does not make explicit predictions about which
circuit structure has to underlie novelty computation, its update
rule for the novelty weights is consistent (STAR Methods) with
several existing circuit mechanisms proposed for novelty
computation, including input adaptation and short-term synaptic
depression,®*°°~? inhibitory circuits,® or Hebbian/anti-Hebbian
multiplicative plasticity,”®** and inspires new mechanistic hy-
potheses (STAR Methods). As such, similarity-based novelty
proposes a normative view on a wide range of mechanistic nov-
elty models that provide area- and modality-specific mecha-
nistic implementations of novelty computation.

Novelty computation in the brain is closely intertwined with
and influenced by other cognitive computations such as atten-
tion,'®">"" contextual processing,’” or the computation of other
perceptual saliency signals, e.g., surprise.>>”® In particular,
while Homann et al. performed control experiments to exclude
an influence of other intrinsic motivations such as surprise on
the recorded V1 responses,®’ surprise and novelty influence
brain responses jointly in many tasks,”>*° and even modulate
each other.>>"® Such a modulatory effect of surprise on novelty
could be included in the similarity-based novelty framework,
e.g., via a modulation of the novelty update rate (similar to Lia-
koni et al.”*).

While novelty has been shown to be a dominant drive of hu-
man exploration in unfamiliar environments,”®?? a diversity of
other intrinsic reward-like signals are involved in driving explora-
tion'!:16-18:20-22.25,75,76 (3150 see several recent reviews®*’ "),
especially when extrinsic rewards such as food and money are
absent. The relative importance of different motivational signals
in explaining behavior depends on multiple factors, including the
temporal stages of exploration® as well as the exploration ob-
jectives and features of the task and environment.®? Our findings
for novelty suggest that stimulus similarities could be another
aspect that substantially influences the computation and behav-
ioral impact of intrinsic motivational signals and that is currently
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understudied in neuroscience. Extending our similarity-based
approach to other intrinsic motivational signals, such as surprise,
could thus provide a valuable tool to quantify and model brain
signals and behavior in more complex naturalistic tasks.

In conclusion, we propose a computational framework to
model novelty computation in the brain (similarity-based novelty)
that allows us to assess the impact of similarity-driven general-
ization on neural novelty responses and novelty-driven behavior.
Our approach opens new possibilities for future theory-driven
experiment design.
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STARxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Deposited data

Model simulations for grid search This paper https://doi.org/10.5281/zenodo.18117791
(fit to neural data) and model
robustness analysis

Simulations of best models This paper https://doi.org/10.5281/zenodo.18117791
(fit to behavior data)
V1 recordings Homann et al.”’ https://doi.org/10.1073/pnas.2108882119 (figures) and

https://doi.org/10.5281/zenodo. 18092959 (extracted data)

https://github.com/markusmeister/Rosenberg-2021-Repository
and https://doi.org/10.22002/D1.2031

Behavior recordings Rosenberg et al.*®

Software and algorithms

Similarity-based novelty This paper https://github.com/sobecker/sim_nov and
https://doi.org/10.5281/zenodo.18092959
Python Python Software Foundation https://www.python.org/

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Mouse data

We reused published data from experiments with mice performing (i) a passive viewing task with familiar and novel stimuli (see Ho-
mann et al.®" for detailed experimental background), and (i) a free exploration task in a novel maze (see Rosenberg et al.*° for detailed
experimental background).

METHOD DETAILS

Models of novelty computation
As described in the main text (Equation 3), we define the novelty N+ (s) of a stimulus s at time t + 1 as the negative logarithm of the
“familiarity" p®"(s):

N®D(s) = — log p®™"(s), (Equation 7)

where the familiarity density p(*") is a parametric or non-parametric estimate of the "true" frequency density pim) at time point ¢t + 1.

The true frequency density is based on all observations that were made prior to time point t + 1 (i.e. excluding the observation s;.1):
pE(s) = Pr(Sp = S|s1s). (Equation 8)

Both count-based and similarity-based familiarity are defined as maximum-likelihood (or maximum-a-posteriori, MAP) estimators
ofpim), i.e., they assume a given parametric shape of the familiarity, p® = p(4|9<‘)), whose parameters 09 at time pointt+ 1 are
chosen to maximize the log-likelihood of past stimulus observations s1.¢, given the prior p(0) over the parameters (see derivations for

details):

6™ = argmax log p(s1.:|0)p(6). (Equation 9)
0

The difference between count-based and similarity-based novelty are the assumptions each model makes about the space in
which the observable stimuli s live, and the assumed parametric shape of the familiarity p. Count-based novelty assumes that all stim-
ulus observations are drawn from a finite set of discrete stimuli, S = {x1,...,xy}, and that the probability of observing a given stimulus
is captured by a categorical distribution. In contrast, similarity-based novelty allows a more general notion of stimulus space that
includes both discrete and continuous stimulus spaces, and assumes that stimulus observations can be described by a mixture dis-
tribution (Equation 4).
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Count-based novelty w/wo leaky stimulus memory
Non-leaky count-based novelty
Based on these assumptions, the basic count-based novelty estimator is given as

CY(s)+e

EN(s) = Z—— Equation 10
pt(s) S (Eq )
where C(s) counts the number of times that the stimulus s € S = {x4,...,xy} has been observed up to time t, and the terms e and
|S|e arise from the prior distribution (see derivations, also see Xu et al.?°).

The expression for the familiarity pt*1) in Equation 10 gives rise to the following iterative familiarity update (see derivations):
p™V(s) = (1 — a)p?(s) + aré(st,S), (Equation 11)
fors € S = {x4,...,xy} and with time-dependent learning rate

1

= —. Equation 12
/Sl (Equation 12)

at
Leakiness
The definition of count-based familiarity in Equation 10 does not yet account for the possibility of leaky memory, where long-ago stim-
ulus observations are gradually forgotten. We can account for such leakiness in two different ways.
The first one ("leaky" count-based novelty) assumes that the stimulus counts C)(s) decay with a fixed factor a between two time
steps (Equation 1 in the main text), yielding the familiarity (also see Equation 2 in the main text):

CO(s)+e
() = =270 Equation 1
p(s) TSl (Equation 13)
where
t
T, = ZC“>(S) - Z (1 - a)f (Equation 14)
seS t'=1

is the leaky time count normalizing the stimulus counts to obtain a frequency (see derivations for details). The decay parameter a €
(0, 1) regulates the speed of memory decay: the larger «, the faster the stimulus counts decay over time.

The second one ("fixed-rate" count-based novelty) arises from the iterative familiarity update in Equation 11, where leaky stimulus
memory is introduced by replacing the time-dependent learning rate a; with a fixed learning rate n € (0,1). Note that the time-depen-
dent learning rate a; decreases to zero over time, such that late stimulus observations do not ‘overwrite’ early stimulus observations in
the empirical frequency estimate. When we choose a constant learning rate 7, these early observations are gradually overwritten by
later observations as the empirical frequency is continuously updated. Hence, the larger the fixed learning rate 5, the faster the stim-
ulus memory decays over time.

In the main text, we focus on the leaky count-based novelty model (see Figure S4 for a comparison of the two leakiness types in the
passive viewing task).

Similarity-based novelty w/wo leaky stimulus memory

Non-leaky similarity-based novelty

The central element of similarity-based novelty is the mixture model that defines the familiarity density p (Equation 4 in the main text). Its
weights at time point t are chosen as the maximum-a-posteriori (MAP) estimate of the sequence s1.; of stimulus observations up to t:

w® = argmax log Pr(s1.|w)Pr(w), (Equation 15)

where w(®) = (wﬁ”, e w,(\t,))r is the vector of weights at time t, and Pr(w) is a Dirichlet prior over the weights (derivations). We solve
Equation 15 using the incremental expectation-maximization (EM) algorithm,*?-#>: resulting in a closed-form solution for the weights
w®, The closed-form ("batch") solution for the weights can be reformulated as an online learning rule. The two weight update rules
(batch and online) derived from the EM algorithms are given as follows.

() EM-derived weights (batch). For each time point t at which we observe a stimulus s;, we compute the E-step (estimation step)
of the incremental EM algorithm, i.e. we compute "responsibilities" y/(t) that estimate how well a given component k; of the
mixture distribution at time t — 1 captures the observation s;:

t—1
o w' Vki(s)

y=—"> 1 7 (Equation 16)
LW ke ()
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The initial weights are chosen uniformly as w}o) = ﬁfor allj = 1,...,N.Inthe subsequent M-step (maximization step) for time point ¢,

we compute the new weights w}t) based on the responsibilities y;t/),j =1,...N,t =1, ..., tthat were estimated in all previous E-steps
(Equation 16):
RY+te

/

(t) _
Wi T tiNe t+N

i ] (Equation 17)
=

where ¢ is the uniform concentration parameter of the Dirichlet prior over the weights, and R denotes the (non- Ieaky) "soft" counter
of the responsibilities of component j up to time t. The main difference to textbook mcremental EM algorithms*® is that at each iter-
ation, the amount of data in the batch increases since an additional data point has been added to the sequence sy (see derivations
for details).

(i) Online weight update. The expresswn for the weights at time t (Equation 17) still depends on the information from previous
E-steps through the respon3|blllt|es;/ t) ,t = 1,...,t — 1. However, we can reformulate Equation 17 to obtain an online weight
update rule that computes w( only based on the responsibilities from the current E-step at time t and the previous
weights w{t—;

1
Wt O _ -1 :
W' = tiNe (Z e + e) =W Tt Ne (7;1 - W ) (Equation 18)

forallj = 1,...,N. Theiterative update rule for the weights in Equation 18 gives rise to an iterative update of the familiarity p, analogous
to count-based novelty (Equation 11):

N
p®V(s) = (1 — a)p?(s) +a Z (Equation 19)

where s; is the current stimulus observation and o; =
Multiplicative weight updates
The weight update rule in Equation 18 can be reformulated as the following delta rule:

t+N is the time-dependent learning rate.

w = w T + s, (Equation 20)
with error
_ ki(st) - .
6 _ ) (t=1) _ j\St _ (t=1)
5 =y —w = (p“*”(st) 1 )W/ (Equation 21)

If we pull out a factor 1/p~")(s;) in front of the brackets, we see that the error in Equation 21 is proportional to the difference
between the component activation and the familiarity of the current observation s;, respectively. This means that the update rule
increases (decreases) a given weight when its contribution to the current observation is higher (lower) than estimated by the cur-
rent familiarity. Note that, while the weight update looks similar to the value updates of reinforcement learning algorithms,®” the
function implemented by novelty weights is fundamentally different: Reward values in RL estimate the future expected reward
in a given state, while we estimate the current empirical stimulus frequency under a specific parametric assumption about the
frequency density (mixture model). Furthermore, the weight update rule in Equation 20 is multiplicative since the error
(Equation 21) depends on the previous weights W}“U through a multiplication factor.

Leakiness
Analogously to count-based novelty, we introduce two alternative notions of leakiness into similarity-based novelty to account for
gradual forgetting of past stimulus observations.

The first one ("leaky" similarity-based novelty) assumes that, in the M-step of the EM-algorithm, the weights are computed as the
leaky sum of past responsibilities (also see Equation 5 in the main text):

RYte

1 t -
6 — _J = E —a) Y Equation 22
Wi' T TaNe T ToNe :1(1 a) r el (Equation 22)

where R;t) are the leaky soft counts of past responsibilities as described in Equation 6 in the main text. The leaky time count T; is
given as

=1

N t
To=YR"'=Y(1-ao" (Equation 23)
j=1
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The second notion of leakiness ("fixed-rate" similarity-based novelty) assumes a fixed learning rate n € (0, 1) instead of the time-
dependent learning rate a; in Equation 19, i.e.

N
pt(s) = (1 — 17)P<')(S)+f727,-(1)kj(3)- (Equation 24)

Analogously to fixed-rate count-based novelty, the constant learning rate in Equation 24 causes early component observations
(responsibilities) to be overwritten by late ones.

We focus on leaky similarity-based novelty in the main text, while comparisons with fixed-rate similarity-based novelty for the pas-
sive viewing task are included in Figure S4. Below, we show that the fixed-rate variant of similarity-based novelty gives rise to
possible circuit implementations of similarity-based novelty.

Count-based as a special case of similarity-based novelty
The table below summarizes all variants of count-based and similarity-based familiarity discussed above. By comparing the equa-
tions in the table, we see that count-based and similarity-based novelty are equivalent if either

(i) all observations s+ originate from a discrete set of distinct stimuli, sy € S = {x1,...,xn}; Or
(i) similarity-based novelty uses box-shaped or dirac delta components centered at the stimuli x4, ..., xy, such that each stimulus
counted by count-based novelty is covered by exactly one separate component.

Then the responsibilities of similarity based familiarity are given as
t
@ _ "V/()‘S(stvxi)
TN t
2 =1 W;/)é(S(,Xjf)

such that both the initial familiarities and the familiarity updates of count-based and similarity-based familiarities are equal, yielding,
for each of the three model variants (non-leaky, leaky, and fixed-rate), identical predictions of both models at all time points and for all
stimuli.

= 8(st,x)) (Equation 25)

Familiarity update rules

Leakiness Count/“soft” count notation Delta-rule notation

Count-based novelty

Non-leaky p)(s) = CW(s)+e pt(s) = (1 — a)pW(s) + ad(st,S)
t+|Sle o = 1
Parameters: |S|, € CO(s) = Ct=(s)+5(st,S) te t+|Sle
t
Leaky ptN(s) = CO(s)+e
Tet|Sle see Equation 55 in derivations

Parameters: |S|, €, @ Ch(s) = (1 — a)Ct=1(s)+8(st,s),
Fixed rate see Equation 58 in derivations pt(s) = (1 — npY(s) +nd(st,s)
Parameters: |S|, a n € (0,1)
Similarity-based novelty
Non-leaky pV(s) = 5w ks(s) pUI(s) = (1 = a)p®(s) +ar ' 7, ks (st)

RY+e _ ]
Parameters: N, € ® _ a =

w; t+Ne t+Ne
) _ pt=1_ 0
R B
Leaky pt(s) = Z/(vwlgt>,(/_(s)
o _ B+ ion 93 in derivati

Parameters: N, ¢, a w;’ = see Equation 93 in derivations

TH'N&‘

RY = (1 — a)R "V 4yl)
Fixed-rate see Equation 94 in derivations pt(s) = (1 — np®(s)+n X 7 ki(s:)

Parameters: N, a n € (0,1)

Update rules for count-based (upper three rows) and similarity-based familiarity (lower three rows), for three model variants each: (1) non-leaky model,
(2) leaky model, (3) fixed-rate model. Counters and soft counters are initialized at zero: C%(s) = Oforalls € S, R}O) = Oforallcomponentsj = 1,...,N.
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Links of similarity-based novelty to circuit implementations of novelty

Links to existing models

As summarized in Table S1, mechanistic novelty models provide tools to implement familiarity- and novelty-computation based on
gain adaptation,**°" short-term synaptic depression,*® co-tuned inhibitory plasticity,” anti-Hebbian plasticity,*”>**® or — more
generally — multiplicative modulation of existing weights.®> Some of these models also show co-familiarization of ‘similar’ stimuli,
mostly due to shared synaptic weights that lead to generalization across stimuli. In most models, this generalization arises from
randomly initialized weight matrices,”'>? but it can also emerge (though to a potentially lesser extent) in networks that have been
pretrained.®>°° Importantly, the normalization of familiarization effects that is a crucial part of similarity-based novelty is not, or at
most implicitly, included in existing mechanistic modeling approaches, e.g. through anti-Hebbian learning rules*”-°*°¢ that lead to
normalization of firing rates.®®

Normalization of familiarity effects in a circuit model

To see how we can implement similarity-based novelty in a circuit, we reformulate the update of fixed-rate similarity-based novelty.
The update of the familiarity p(*)(s) (Equation 24) is given as.

N
p(s) = (1= mp(s)+ny_ 7 K(s). (Equation 26)
j=1

Because p is a mixture model, the above update of p is fully determined by the corresponding update of the familiarity weights Wj“):

wi'ki(s¢)

(t+1) (t)
57 W;'t)k/’ (se)

wi™ = (1 = w4 = (1 = pw +y (Equation 27)

where we used the definition of the responsibilities y}t) to rewrite the equation. Note that all elements of the update rule in Equation 27

are available locally in time and space. They can be interpreted as elements of a circuit as follows. The component activation k;(s;)
corresponds to the presynaptic activation of a neuron j in response to the current observation s;, which projects to a postsynaptic

target with weight w/m. The first term in Equation 27, (1 — n)w}t), corresponds to the leaky decay of this pre-to-post weight. The
1

PN
ence of shunting inhibition.®°

A circuit model (Figure S2) could implement this computation using concepts of divisive normalization,® and learning modulated
by dendritic disinhibition.’®~? For simplicity, we assume in the following that neurons transmit their inputs approximately linearly, or
that nonlinear transformations of their input can be decoded by the receiving neurons or neural populations. The details of how these
mechanisms should be implemented in a network model remains subject of future work. Presynaptic activations take the role of in-
dividual component activations k;(s) in response to a stimulus s from the environment ((1) in Figure S2A). Upon synaptic transmission

normalization factor can further be interpreted as the (slightly delayed) activation of the postsynaptic target in the pres-

(with synaptic weight w/m), they evoke postsynaptic potentials of strength w/ft)k,-(s) in postsynaptic neuronsj. The activations from the
population of postsynaptic neurons are integrated by a shared inhibitory population into a combined familiarity signal (corresponding
to Z/N: 1 W;')k,-(s), (2) in Figure S2A). The shared inhibitory population innervates the dendritic compartments of the postsynaptic neu-
rons j, where shunting inhibition leads to divisive normalization. The resulting dendritic activity, corresponding to the normalization

factor W is propagated down to the soma, where a multiplicative learning rule® leads to desired update of the pre-to-

j=1 Wi s
post weights between k;(s) and the postsynaptic neuron j, respectively ((4) in Figure S2A). Interestingly, this mechanistic implemen-
tation predicts a distributional familiarity code in the activity of the postsynaptic population.

Toy experiment: Gabors sequences of different similarity

Novelty predictions of count-based and one similarity-based novelty models were computed for three sequences of four Gabor stim-
uli each. Gabor stimuli are characterized by their angular orientation. Across all sequencesi = 1,2, 3, all except the second stimulus
s, are identical. The second stimulus in each sequence shows varying levels of similarity to the first stimulus: sé” = 45. (identical to
sﬁ”), 5(22) = 60 (15° difference to s§2>), 3(23) = 85° (40° difference to sﬁs)).

Countable states for the count-based novelty models are obtained by binning the space of Gabor orientations [0,180°] into 9 bins of
width 20° with centers 0°, 20°, 40°, etc. (model variant 1) or into four bins of 45°with centers 0°, 45°, 90°, and 135° (model variant 2).
The size of the state space, S|, is equal to the number of bins, respectively; counts at t =0 were initialized at zero, and leakiness was
set to a = 0 (non-leaky).

The component representation of similarity-based novelty is defined on the 1D torus of Gabor orientations [0,180°]. We use four
equidistantly placed components k;, j = 1,...,4, centered at ¢y = 0°,¢c» = 45°,¢3 = 90° andcs4 = 135°. The components are defined
by the following triangular function:
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ki(s) = 1 (1 - M>@<1 - M), (Equation 28)

j Gj Oj

where s € [0°,180°] is the orientation of the Gabor stimulus, c; as defined above are the centers of the components, ¢; are the
component widths, and @ is the Heaviside function. We choose ¢; = 45° for all components, creating the overlapping components
depicted in Figure 1C (left). The component weights att = 0 were initialized uniformly to h where N = 4 is the number of components.
For the toy example simulations depicted in Figure 1C (right), we used non-leaky similarity-based novelty (« = 0), with priore = 1.
Component width variation

For the novelty signals depicted in Figure S1, we simulated the same similarity-based novelty model as above, but with (i) component
width ¢; = 52.5° (N = 4, same component centers), (i) component width 5; = 60° (N = 4, same component centers), (iii) component
width 6; = 60° and N = 3 components centered equidistantly at c1 = 0°, ¢, = 60° and ¢z = 120°.

Passive viewing task

Experimental data

Homann et al.”" used two-photon calcium imaging to record the neural activity of layer 2/3 neurons in the primary visual cortex (V1) of
5 GCaMP6f-expressing mice during passive viewing of familiar and "novel" visual stimuli. During the recording, mice were head-fixed
but could run freely on an air suspended Styrofoam ball in front of a toroidal screen, onto which the visual stimuli were projected.
Homann et al. extracted the peak neural responses (trial- and population-averaged) to the novel image (AN) and to the familiar
sequence (steady-state activity N) during the "variable repetition experiment" (L-experiment) and the "variable image number
experiment" (M-experiment), as well as the transient population response (AN) to the formerly familiar sequence after the recovery
interval in the "repeated image set experiment" (L’-experiment).

Model simulations and fitting

Stimuli. All images for our simulation of the passive viewing experiment were sampled from a single distribution, designed to match
that of Homann et al.°' Each image is the linear superposition of 40 Gabor filters with randomly chosen orientation (uniformly sampled
from [0,z]), phase (unif. sampled from [ — z,z]), frequency (unif. sampled from [0.04,0.08]), and location (x and y coordinate sampled
uniformly from [— 130, 130] and [ — 20,90], in units of visual degrees) on a grey background. The width of each Gabor filter was set to
%, where f is the spatial frequency of the Gabor filter.

Simulation protocol. Model simulations followed the same protocol as the mouse experiment by Homann et al.”' Each simulation
step corresponds to 300 ms in the experiment, i.e. in each simulation step, a single stimulus is presented.

Component definition. The input stimuli for similarity-based novelty are 100 x 200 pixel images as defined above. Each image is
represented by a pixel vector s € R?%9% with entries specifying the intensity of each image pixel (grey-scale; the lower the pixel
value, the darker the color; grey background has pixel value 0). We define two types of component functions that emulate the recep-
tive fields of V1 simple and complex cells, respectively.

(i) "Simple cell"-like components. Analogously to the component centers in the toy example, each component function k; is
defined relative to a ‘reference Gabor filter’ r; € R20% i e. the pixel vector of a single Gabor filter that is chosen equidistantly
from the same parameter space (orientation, phase, frequency, x-y-location) as the Gabor filters that form the stimulus images.
The value of component k; with reference Gabor r; in response to a stimulus image s is defined as

ki(s) = o(f(s,r)), (Equation 29)
where f is the cosine distance between the pixel vectors s and r;:
z; = f(s,n) = _Sh ¢ [-1,1], (Equation 30)
s 1l |

and ¢ is a non-negative transform function that maps the similarity value z; between the stimulus and the reference Gabor (in the in-
terval [— 1,1]) to the component activation. We choose the function ¢ to be triangular with width parameter 6; = 1 and centered at
z = 1 (maximum similarity):

1|z — 1] .
S22 iz e (1 - g1,
o*(z) = oj i€ | 1] (Equation 31)

0 otherwise.

(i) "Complex cell"-like components. Complex cell-like components are defined relative to a reference set of two simple cell-like
components of opposite phase. The activations from the set of reference components are added, and then passed through the
same function ¢ as for the simple cell-like components. Complex cell-like components can be thought of as encoding an OR
relation between the reference Gabors of the simple cell-like components in their reference set.
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We define Ks simple cell-like components and K. complex cell-like components. The number of simple cell-like components K is
determined by two free parameters: the convolutional density (or stride length) c that determines the distance between two compo-
nent centers in units of image pixels, and the number N of Gabor filters with different combinations of orientation, phase and fre-
quency. The number of complex cell-like components K is chosen to maintain a ratio of Ks : K. = 3 : 1, in alignment with experi-
mental results for layer 2/3 of V1 in mice,”® where Homann et al. recorded. The two parameters ¢ and N determining the number
of components as well as the novelty parameters a and ¢ are fitted jointly to the neural data by Homann et al. as described below.

Comparison with count-based novelty. The count-based model receives the same inputs but does not use receptive fields.
Instead, separate counts are used for different images. The parameter |S|, specifying the total number of stimulus counters (|S| >
13, i.e. larger than the number of stimuli presented in the protocol), and the novelty parameters a and ¢ are fitted to the neural data.

Fit to neural data. To fit each novelty model to the neural data, we use grid search in combination with linear regression. We simulate
a given novelty model M € {count-based novelty, similarity-based novelty} across the full range of model parameters

ecount = (a787 |S|)7 gsimilarity = (a,e,C,N),

with n = 50 model simulations for each parameter set. We then fit the statistics of the simulated novelty responses, X, to the statistics
of the neural data, Y, using linear regression. Statistics from all three Homann experiments are fitted jointly, with equal weighting for
each experimental condition. The parameter set that minimizes the mean-squared error (MSE) between neural data Y and the fitted
model predictions "X is chosen as the best-fit parameter set for model M. The error of the fitted MSE as reported in Figure 2 D is
computed as the standard error based on jackknife re-sampling®* of the experimental data from all experiments.

Cross-validation. To control for overfitting, we compute the cross-validated MSE for each fitted model. We used leave-one-out
cross-validation, where a single experimental condition is dropped for each training set (yielding 20 cross-validation folds for
each of the experimental conditions). For Figures 2E-FFigures S3S4, we compute the average test error across cross-validation folds
as well as the trained model predictions on their respective held-out experimental condition. We report the standard errors of cross-
validated MSE and test predictions across jackknife-resampled repetitions of the cross-validation procedure.

Parameter robustness (Figure S3). We test parameter sensitivity by systematically varying a single parameter across its allowed
range, while keeping all other model parameter fixed at their fitted values. For each perturbation, we refit the linear regression to
the experimental data, and report the resulting (i) model fit to the experimental data and (i) model predictions. We perform this sensi-
tivity analysis for all fitted model parameters (Figures S3A-S3E), i.e.

® Count-based novelty:
— leakiness qa,
— prior g,
— number of states |S|;
® Similarity-based novelty:
- leakiness a,
— prior ¢,
— components’ convolutional density c,
— number of convolution components N (i.e. different Gabor filters that are repeated in each center location).

For similarity-based novelty, we also test robustness to changes in component width ¢ in an analogous way (Figure S3F), but al-
lowing either refitting of (i) both the novelty parameters a and € as well as the linear regression, or (ii) only the linear regression, as for
the other parameters.

Active exploration task

Behavioral data

Task. Rosenberg et al.>® track the behaviour of 20 mice (10 of them water-deprived) during free exploration of an unfamiliar maze
(maze cleaned with ethanol between mice). Each mouse was video-recorded during its first 7 hours of access to the maze. The
maze was constructed as a 6-level binary tree, with branching points and end points of corridors as nodes. One single end node
in the maze contained a water delivery port, which delivered a water reward to water-deprived mice (rewarded group) but was inac-
tive during the experiment with non-deprived mice (unrewarded group). The x-y-coordinates of the animal’s nose in each video frame
were used as the mouse position for subsequent behavioral analysis (both by Rosenberg et al.,> and in our study).

Environment formalization. To enable direct comparison between the behavior of mice and reinforcement learning (RL) models, we
formalize the maze environment using "states" and "actions." States s characterize the possible locations of agents (mice or RL
models) in the maze, and actions a characterize the possible next direction the agent can take from a given state. Analogously to
Rosenberg et al.,*® the home cage and all branching points and end points of the maze corridors (i.e. all nodes in the binary tree)
were defined as states. We define four different actions: (i) go forward into maze (available in the home cage); (ii) go back (available
in all states except the home cage); (iii) turn and go into the left corridor (available in all branching points) and (iv) turn and go into the
right corridor (available in all branching points). For simplicity of notation, our notion of left and right is based on the egocentric view of
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the agent during an outward path. Based on the definition of states in the maze, mouse behavior over time is discretized into ‘time
points’, where each time point marks the transition to a new state in the maze.

Preprocessing. For each mouse in Rosenberg et al.’s data set,”® we extract the sequence of states and actions taken at each time
point between its first entry into the maze and its first encounter with the goal state. To exclude any reward-related behaviors from the
analysis, we disregard mouse behavior after the first encounter with the goal state, independently of whether the mouse received a
reward in the goal state (rewarded group) or not (unrewarded group). Since there are no significant behavioral differences between
rewarded and unrewarded mice during the time before the first reward encounter,”® we treat them as equivalent.
Novelty-Seeking reinforcement learning (N-RL) models
We adapt classical reinforcement learning (RL) algorithms to model novelty-seeking by replacing the extrinsic reward signal by an
intrinsically computed novelty signal ("novelty-seeking RL agents," see e.g. Xu et al.,”° Gershman and Niv,*® Jaegle et al.,** Belle-
mare et al.,*® and Chentanez et al.®® for similar approaches).

Like classical RL agents, novelty-seeking RL (N-RL) agents move in an environment which is defined by states s, and actions a that
allow the agent to transition between states. In general, the environment can be probabilistic in the sense that a given actiona in a
given state s can lead the agent into different states s’. The probabilities for each such state transition (s,a, s’) are called transition
probabilities and summarized in the transition matrixp e RIS*AISI where |S| is the size of the state space S, and |A| is the size of the
action space A. In our model, the environment is deterministic, i.e., the correct transition matrix contains only binary entries.

The main difference between novelty-seeking and classical RL algorithms is that, instead of maximizing the discounted future re-
wards, N-RL algorithms maximize the discounted future novelty:

Timax
G = Y 7F'NO(se), (Equation 32)
t=t
where y is the discount factor, and the novelty N® (s, ) is computed using any suitable novelty model, e.g. count-based or similarity-
based novelty. Importantly, the novelty N®) is updated only based on "real" state observations sampled from the environment, and
remains fixed during planning. This still means that the N-RL agent’s reward function N)(s) changes in every time step during explo-
ration, in contrast to classical RL-agents that usually maximize a reward function that is constant in time. Analogous to reward-based
V-values and Q-values, N-RL algorithms compute ‘novelty-based’ V-values and Q-values:

V,(Vt) (S) = Eat/N”(,/)("SH)vt, — 1.t |: Z )/ﬂN(t) (Str) St = S:| 5 (EQUation 33)

t=1

t =Ny
Q/(v) (s,a) = oy n) (s )7 = 11t { Z ¥'NO(sy)

t=

St =S,a1 = a]. (Equation 34)

Similar to the novelty that is estimated only based on ‘real’ state observations, the estimated transition probabilities remain
fixed during planning. This aligns with established practice in the field of intrinsically motivated RL.°” As a result, the agent
iterates between sampling from the environment, using the current action policy (based on the current value estimates) and
leading to updates in the novelty function N (s) and the estimated transition probabilities — and planning, where the Bellman
equation is solved based on the current estimates of novelty and transition probabilities and the values and action policy are
updated accordingly.

Model-based N-RL algorithm

We use a model-based (MB) N-RL algorithm (Algorithm 1) that updates its novelty-based Q-values through prioritized sweeping (e.g.,
see Sutton and Barto®’) and applies a softmax policy on the novelty-based Q-values to determine its actions. The MB N-RL algorithm
is characterized by the parameters of the novelty model (e. for count-based novelty; ¢, and k for similarity-based novelty), as well as
five additional parameters (see line 2 in Algorithm 1). The inverse temperature g determines the noise level of the agent’s softmax
policy over the Q-values (low f leads to more noisy actions). The leak factor kieox and the prior eeny define the update of the belief
counters a. The belief counters a help the agent form its world model by keeping track of how often the agent has encountered a
given transition (s, a,s’) in the environment. Specifically, kieax determines how much the counter « for a given transition decays be-
tween two observations of that transition - the higher kie,«, the more influenced are the « values by recently observed transitions, and
the lower the influence of the prior eeny. A lower eqny, in turn, causes the a values to adjust more quickly to the observed transition
counts. The more deterministic our environment is, the lower our ey should thus be, since every observation contains reliable infor-
mation about the underlying state transition. The parameter 1 and Tpg characterize the Q-value updates: Tps determines how many
sweeps, i.e. Q-value updates are performed in each step (the higher Tpg, the more precise the model-based Q-values update), while 1
has a similar role to the discount factor y that discounts the influence of future expected novelty on the state value of a given state s
(the higher 4, the more important the value of future novelty).
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Algorithm 1. Model-based N-RL algorithm

# Parameter specification

1: Specify environment parameters S, A, p, and sg (goal state), Thax (max. simulation time steps).

2: Specify algorithm parameters {4, Tps,Kieak, €env,f}-

3: Specify novelty parameters {a, e.} (count-based novelty) or {a, &, k} (similarity-based novelty).
# Variable initialization

4: Initialize novelty varlables (counts for count-based novelty; soft counts for similarity-based novelty).
5: Initialize UM (s) = M) for alls € S.

6: Initialize Q-values as QN (s,a) = UN(s) for all (s,a) € S x A.

7: Initialize am(s ) = { S .|fp(s,a,s/’) >
nan ifp(s,a,s’)=0
# Initialize agent.
8: Set t<0 and initialize state s1«<shome (hOome cage).
9: Update novelty variables using leaky count-based novelty or leaky similarity-based novelty.
10: Initialize time t<1.
# Simulate agent.
11: while s; # sg and t < Tax do
# Take action
12: Sample action a; from z(a|s¢)x exp (ﬂQ,(\t,) (st,a)
13: Evaluate action a; in environment and observe next state s;,1.
# Update internal variables
14: Update novelty variables using leaky count-based novelty or leaky similarity-based novelty.
15: Update al's" (') = Kieakala(s'") + (1 — Kieak)eeny for all (s,a,s’) € Sx Ax S.
16: Update all)(s') = all,, (8') +5(s',Ste1) for all s’ € S.
17: Update beliefs 8V (s') = al3"(s') /3¢ g ass" (§).

18: Compute N*')(s) as leaky count-based novelty or leaky similarity-based novelty.
(t+1)

forall (s,a,s) € Sx Ax S.

19: Compute new Q-values Q
# Update time step

20: t<t+1.

21: end while

)(s,a) and new U-values U")(s) for all (s,a) € S x A, using N*")(s) and Algorithm 2

Algorithm 2. Prioritized Sweeping with target signal Nt

1: Initialize next Q-values Q") (s,a) = Yy . 0" (s )(N<M (') + U0 (s )) forall (s,a) € S x A.
2: Initialize next U-values U1 (s) = U (s) forall s € S.

3: Initialize priority queue g = {’maxaeAQ(“”(s,a) = U(m)(s)’}Ses
# Perform prioritized Q-value update

4: forz=1,...,Tps do
5: Determine state with largest U-value update as s, = argmax(q).
6: Compute U-value update for s, as AU = max,caQV(s,,a) — U1 (s,).
7: Update U (s,)« U (s,) + AUTYD = max,caQ(s;,a).
8: Update next Q-values Q) (s,a)—Qt")(s,a) + 0%+ (s, a,s,) AU for all (s,a) € S x A.
9: Recompute priority queue q<—{|maxaeAQ(””(s,a) — U(M)(s)'}
1

seS
0: end for

Model simulations and fitting

We simulate and fit a total of 11 MB N-RL models to the exploration behavior of the mice in the Rosenberg maze, and
compare the fitted models with respect to their log-evidence: (i) five agents seeking similarity-based novelty, (ii) one agent
seeking count-based novelty, and (iii) five agents seeking a combination of count-based and similarity-based novelty (see
below). Our model-based algorithm implements Prioritized Sweeping®” (Algorithm 2).
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Count-based novelty. Count-based novelty in the Rosenberg maze uses a separate count for each state as defined above, i.e. each
node in the binary tree representation of the maze. State counts are updated in a leaky fashion, with leakiness « and prior ¢ as free
parameters that are fitted to data. Using Equations 1, 2, and 3, the novelty reward at each time step t is computed as the novelty of the
current state s; in the environment.

Similarity-based novelty. We define similarity-based novelty in the Rosenberg maze with respect to six sets of components
that differ in the degree of granularity with which they encode the maze. The component representations are based on the
idea that mice could generalize across states within a given "area" of the maze, e.g. the left or right half of the maze (allo-
centric perspective). The size of the area covered by each components determines the "granularity" of the representation, i.e.
the larger the area, the lower the granularity of the representation. To formally write the corresponding component functions,
we consider the binary-tree structure of the maze (Figure 3C2 [also see Figure S5). We define level € =0, ...,6 in the binary
tree, where level ¢ = 0 contains the first branching point in the maze and level ¢ = 6 contains all end nodes. We define the
"(sub-)tree" Tree(s) for any state s in the maze (s € S) as

Tree(s) = {s' € S:s'is part of a binary tree with root state s}. (Equation 35)

Hence, the entire maze (excluding the home state) can be written as Tree(sg) where sq is the first branching point of the maze. We
further define the sets S¢, € = {0,1,...,6}, where each set S, contains all 2¢ states in a given level ¢ of the binary tree. For example, the
set Sy contains only the first branching point of the maze, while Sg contains all 64 end nodes.

We define the set of components for a given granularity level ¢, € = 1, ..., 6 as follows: For each of the 2 states s; € S, we define an
area component:

1 .
KO~ ) ko ifs € Tree(s;)
J

0 otherwise,

(Equation 36)

where the factor K© = K/,(f) =3 esk/(t) (s) is added to normalize the components to 1 over the state space. For all other 1+ >4
states s; ¢ Tree(S¢), we define single state components:

1 ifs=g

ki(s) = {0 otherwise. (Equation 37)

This means that for components of granularity level ¢ = 6, each state in the maze is covered by a separate component — similarity-
based novelty with this choice of components is equivalent to count-based novelty.
Combined count- and similarity-based novelty. Combined count- and similarity-based novelty agents seek a novelty signal

NO($) = WenoyND_(8) + (1 — Wenoy )INY.,(S) (Equation 38)

that is the weighted sum of count-based novelty N(CQOV and similarity-based novelty Néf,)ov. Both count-based and similarity-based
novelty are defined separately as described above. They share the free parameter a (leakiness), but have separate free parameters
ecnov @nd egnoy instead of a shared parameter e (prior).

Model fitting. We fit the parameters of each MB N-RL model to mouse behavior using maximume-likelihood estimation (MLE):

6 = argmax LL(D, M, 6) = argmax log P(D| M, 6), (Equation 39)
0 4

where M is the MB N-RL model that is being fitted, 8 are its model parameters, and D is the mouse data. The mouse data D consists
of the appended state-action sequences of all 20 mice during their exploration of the maze:

1 1 1 1 20 20 20 20 :
D = (sfﬂ,aé),.‘.,a(n)q,s(n),...,sg ) af ),...,a(TQO)q,s(TZO)), (Equation 40)

where s§i> and a}') denote the state and action of mouse i at time point t, and T; denotes the number of exploration steps of mouse i
until its first encounter of the goal state.

We maximize the log-likelihood for a given model by minimizing its negative log-likelihood using the scipy.optimize implementation
of the Nelder-Mead algorithm (best performing among relevant optimization algorithms, including L-BFGS-B, SLSQP). In each mini-
mization step, the log-likelihood for the current parameter set 6 is computed (see derivations), and its negative is used as input to the
minimizer of the scipy.optimize package to compute the next candidate parameter set. To improve optimization performance by the
use of unbounded optimization variables, we optimize model parameters in a transformed space (sigmoid function for MB param-
eters A, kieak @and novelty parameters a, Wenoy; SOft-plus function for MB parameters g, e.n, and novelty parameter €). For each model,
we run the optimization until convergence from 5 different initial conditions, and use the best-fitting parameter set across initial con-
ditions as the fitted parameters for the model.

Bayesian model comparison. To compare fitted models, we approximate their log-evidence (LE) in two ways. First, we compute the
model LE based on the Schwartz approximation:
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LE(D, M)z% BIC(D, M) = LL(D, M, 0) — ‘éﬂlog(T), (Equation 41)

where the log-likelihood (LL) term accounts for the fit of the model. The remaining term introduces a penalty for model complexity,
which is a function of the number of free parameters |6| of the model, and the number of data points T = 2,2(:’ 4 Tj in the fitted data
set D.

Second, we approximate the model LE as the cumulative negative log-likelihood of the model on the test sets of k-fold coss-
validation:

k
LE(D, M)~ > LL(D{™Y, M, 6)), (Equation 42)
i=1

where Df'esw is the held-out set of the jth fold in k-fold cross-validation, and 6; are the parameters of the model fitted on the train data

Df"ai”) of the corresponding fold. Here, we perform 5-fold cross-validation by sub-sampling the set of mice (Figures 3 and S5).
Posterior predictive checks. As a posterior predictive check, we compute the average steps until agents reach the rewarded goal

state in the maze (Figure S5B), comparing (i) mice, (i) fitted leaky count-based agents, and (iii) fitted combined agents (level-5-6

count-similarity-based). For each model, statistics are computed based on 20 x 20 simulations with different initial seeds.

Sum-of-parts experiment
Experimental protocol
Stimuli. The ‘novel’ stimulus X consists of 12 identical Gabors (0° phase: — 0.5z, frequency: 0.06/°, width: 5.56°) that are positioned
equidistantly in two rows of six Gabors each (center distance in x-direction: 43.3°, center distance in y-direction: 45°) on rectangular
grey background (dimensions: [ — 130, 130°] in x-direction (pixel resolution: 200), [ — 20°, 70°] in y-direction (pixel resolution: 100)).
Each of the 12 familiar stimuli /,,, m = 1,...,12 consists of one of the 12 Gabors used in the novel image X, positioned in the same
location as in X. Relative to the familiar stimuli, the Gabors in the novel image X are rotated by an angle 9 between 0° and 180°.
Protocol. The first M familiar stimuli (M = 3,6,9,12) are presented for L = 17 repetitions. In the subsequent repetition L + 1, the last
image of the familiar sequence is replaced by the novel image X. The (normalized) novelty response AN(X) to the novel image X is
computed as the difference of the raw novelty response to X and the average raw novelty response to the familiar stimuli during the
last repetition of the sequence:

M
AN(X) = NMED) (X)) — N = NMED) (X)) — % > NMEDEm (), (Equation 43)
m=1

where N (s) is the raw novelty response to a stimulus s at time step t, as predicted by similarity-based novelty model.

Model simulations

We simulate similarity-based novelty during the sum-of-parts experiment. Components are identical to the ‘simple cell’-like
components used to model the passive viewing experiment (see above). Model parameters are equivalent to the fitted param-
eters from the passive viewing experiment (in particular: leakiness parameter « = 0.1). We test the robustness of the experi-
mental predictions to changes in a by repeating the model simulations for grid values of a € [0.1,0.9] (discretization step:
0.1) (Figure S6).

Derivations

Derivation of count-based novelty

Derivations of non-leaky count-based novelty are based on Xu et al.“° Count-based novelty computes the familiarity p(*+) (s) for any
stimulus s € S = {x1,...,xy} as the maximum-a-posteriori (MAP) estimate of previously observed stimuli s1.:

|20

Pr(st1 = xi|s1e) = p@V(x;) = 6" = argmax log Pr(s+:|6)Pr(6). (Equation 44)
o

Under the iid assumption for the observations s1.; and for a conjugate Dirichlet prior with concentration parametere+ 1 = (g1 +1,
...,en +1), Equation 44 reduces to:

N
oY = arg;naxz

i=1

t
<Z 5(se,X;) + e,-) log 6, + log B(e + 1). (Equation 45)

=1

where B(e + 1) denotes the beta function that is independent of the maximization parameter 6, and & is the Kronecker delta function.
Since the Hf”” estimate the parameters of a categorical distribution, they need to sum to one. To maximize the log-likelihood in
Equation 45 under this constraint, we solve
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N ) (y. .
Zgam )} m -2, (Equation 46)

1
j=

d t
:W[Z(Zésyx, +e,->|og0i(m> (
i i ¢

where A is the Lagrange multiplier, and C® (x;) = Z:, _ 1 6(s¢,x;) denotes the counts of stimulus x; at time t (after observing s;). Solving
Equation 46, we obtain the relationship

C(t)(X,')+8,‘ N Ct Xl +é
a N 1 Z

- - , (Equation 47)
e}t 1) =, 9/ (t+1)

which is satisfied whenever 6" = r, (C(” () + e,-) for some r; € R. Due to the normalization condition on the 6"

obtain the MLE estimators

, we therefore

p(t+1)(X‘) — gt c® (X,-)+£,' _ c® (x;)+ei
N =0 = =
l Z/N: ,CO ()(i)+€i t+ Z/N: 1€
For symmetric Dirichlet prior, i.e. ¢; = e foralli = 1,...,|S| = N, this reduces to Equation 10.
Delta-rule formulation. The count-based familiarity in Equation 10 can be written as the delta rule in Equation 11 as follows:

(Equation 48)

CE=V(x))+5(st, x;)+e  CE=D(x;)+e 1 1
t+1) (. — i ty i _ i _ 5 N £ ’ 49
P t+Ne t— 1+Ne ( t+Ns> BN S (Equation 49)
—A N——
PO (x;) 1—a at

Leakiness. As described previously, we can define leaky count-based novelty in two different ways: (i) by assuming that the counts
C®(x;) in Equation 10 decay with a fixed factor a between two time steps (Equation 1), or (ii) by assuming a fixed learning rate  for the
delta rule in Equation 11. In the following, we derive the closed-form expression and delta rule update for both types of leaky count-
based novelty.

Decaying counts. Defining decaying counts (Equation 1) also affects the denominator of 9}”1) in Equation 10:

ct (X,')+€

(t+1) (t+1) - .
p"Vx) =6 ToaNe (Equation 50)
where, due to leaky counting,
N N 1-(1-a)
- ZC“)(X,' 1-a ZC 'X)+1=(1-a)Tro1+1 = — (Equation 51)
j=1 i=

which converges to 1/a as t goes to infinity.
Analogously to the non-leaky case, we can derive an iterative update rule for the familiarity p:

c® (X,‘)+8

(t+1) () —
P = N

(Equation 52)

Ct-V(x)+e ae+d(st,X;)

= - N T TaNe

(Equation 53)

1 - aTt,1) ae+8(St, X;)

(1 = a)px) (1 Sl (Equation 54)
t

TH—NS

=(1 —a)(1 — (1 — aT;_1))pP (%) + a:(8(S¢, %) + ae ), (Equation 55)

with ay = ﬁ

For flat prior (¢ = 0), this reduces to
V) = (1 — a)p® (X)) + ad(se, X;), (Equation 56)
with
a t—co .

= 5 Equation 57
at -1 _ (1 _ a)t a ( q )
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Fixed learning rate. Updating the familiarity in Equation 49 with a fixed learning rate ; instead of time-varying learning rate a; gives
the following closed-form expression for p(t*+")(x;):

t ’
PEV(x) = (1 = mp® () +n(st,x) = (1 = ) PV x) +n > (1 = 1) 8(sy,x) (Equation 58)
W =1

Note that, in contrast to decaying counts-familiarity, the fixed learning rate-familiarity is not influenced by the prior € as long as it is
symmetric and the initial familiarity is thus p(" (x;) = 1/N for all stimuli. By comparing Equations 56 and 58, however, we can see that
the updates of decaying-counts familiarity and fixed learning rate-familiarity are asymptotically equivalent if we choose a flat prior
¢ = 0 and a fixed learning rate equal to the leak parameter, = a. In contrast, the learning rate in the non-leaky model converges
to zero.
Derivation of similarity-based novelty
We estimate the familiarity p(*1) at time point ¢ + 1:

p(s) =
i

N
wiki(s), (Equation 59)
-

-
by choosing the mixture weights at time t, w® = (wgt) s s w,(\?) , as the maximum-a-posteriori (MAP) estimate of the sequence s1.; of

observations up to t:

w® = argmax log Pr(s.|w)Pr(w), (Equation 60)
where Pr(w) is a Dirichlet prior over the weights, i.e.
N .
Prw) = c(a) [] (w)" ", (Equation 61)
j=1

with concentration parameters a = (a4, ..., aN)T and

F( Z,N: 1 0‘/’) )
cla) = —y——~ (Equation 62)
H/: 1F(“i)

Classical EM for similarity-based novelty. Building on Chapter 9 in Bishop and Nasrabadi*®), we provide a condensed
derivation of the classical EM update for the settings of similarity-based novelty (i.e. arbitrary non-negative mixture
components).

To apply the EM algorithm to our mixture model in Equation 59, we define vectors of binary latent random variables z, =
(z1 .1/7 ...,zN‘y)T for each time step ' = 1,...,t, such that the following three conditions hold:

Pr(zyy = 1lw) =w;forallj=1,..,Nandt =1,...t (Equation 63)
Pr(se|zie = 1) = ki(sp) forallj = 1,...,Nandt = 1,..t (Equation 64)
N
szﬂ = 1forallt' =1,...,t. (Equation 65)
j=1

Note that the last condition, Equation 65, implies that each vector z; is a one-hot-coding vector of the N component indices. The
probability of a given z, to be a one-hot-coding vector of index j is given by the component weight wj(” (Equation 63), while the

probability of observing stimulus sy when z, is encoding index j is the value of component j at stimulus sy (Equation 64). The latent
variables thus link the component activations for a given stimulus and the component weights.
Equations 63 and 64 allow us to write conditional distributions for the stimulus and latent variable at time t, sy and zy:

N
p(selze) = [ (ki(se))™ (Equation 66)
j=1
N
pew) = ] (w)>. (Equation 67)
j=1

We consider the observations sy to be independent (see discussion below). That allows us to further write the joint distributions
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p(s14lz14) = H P(sy|zy) = H H (Ki(se)) (Equation 68)

t= t=1 j=1

t N
puw) = [[P@w) = T[ T w)*- (Equation 69)

=1 =1 j=1

Log-likelihood decomposition. The latent variables z; allow for a decomposition of the log-likelihood in Equation 60. Letg(z1)be an
arbitrary distribution over the latent variables z4.;, then we can write the log-likelihood as

log Pr(sq.|w)Pr(w)" 2 P> > "q(z1:|w)log Pr(si.|w) +log Pr(w) (Equation 70)

Zyt

= Zq(z1;,|w)log (M) logPr(w Zq z14|w)log (MS”’)W)) (Equation 71)

e q(z14|lw) P q(zi:lw

= L(g(Z214),P(S14,Z1:)) + KL(Q(Z1:)||P(Z1:4[S1:t)), (Equation 72)

where p(z14|s1:) = Pr(z1.4/s1.:,w). Based on this decomposition, the log-likelihood can be maximized by iteratively (i) minimizing
the KL divergence (E-step) while keeping the weights w fixed at their prior values, and (ii) maximizing the Q term with respect to w
while keeping the latent distribution q fixed (M-step). For the proof that this iterative procedure indeed finds a local maximum of the
log-likelihood, see e.g. Bishop and Nasrabadi*® and McLachlan and Krishnan.®®

E-step. The KL-divergence of g and p becomes minimal when the two distributions are equal, so in the E-step, we set

Pr(S1.4Z1., W)Pr(2Zs.lw L o .
G2relw) = plzse]sse,w) = L SHZre WPTZ:W) H 11 () (Equation 73)
—1j=1 Z] =1 wyK ( )

Pr(s4 t|w

7
where we have used the mutual independence of any two observations sy, sy and any two latent variables zy and z;+, respectively to
obtain Equation 73, and substituted the distributions from Equations 59, 66, and 67. To compute the distribution g in the E-step, it is
thus sufficient to compute the terms
wik;(Sy .
y;’“) = # (Equation 74)
21 wjk ()

also called ‘responsibilities’, for every j = 1, ..., N and every observed stimulus sy, t' = 1,...,t

M-step. To maximize the term £(q(z1.),p(S1.,21:)) With respect to w, we keep the latent distribution g fixed (denoted by fixed
weights We _ siep that parametrize g). Note that

p(s1:17z1:t‘w)

L£(q(z11),p(S14,214)) = Zq(z1:t|wE—step)|Og( )> +logPr(w) (Equation 75)

Zyy q(Z1 :t|WE—step

= ZQ(ZH}WE-step)lOQ p(S1.t,214w) + logPr(w) — Zq(z1:t|wE—step)|09 q(z1:t|WE—step)~ (Equation 76)

zyt Z1t
Since we keep the latent distribution g fixed throughout the maximization, the last term in Equation 76 is constant in w. It is thus

sufficient to maximize

QW,We sep) = Y _G(21|Westep)10g p(S1t, Z14[W) + logPr(w) (Equation 77)

Z1it

= Zq(z”|wE,step)IogPr(s1:t|z1:,,w)Pr(z1:t|w) + logPr(w) (Equation 78)

Zyt

= H H(Yf ) Z Zzw log (wjki(st)) +logPr(w), (Equation 79)

zy t=1 j=1 =1 j=1

where we have substituted the distributions in Equations 66 and 67 and the expression for q from the E-step. Since all z; are one-hot
coding vectors, exactly one zy; is non-zero for each t'; and since we are summing over all possible one-hot coding sequences of
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vectors z4;, each z;+ will be non-zero exactly once. Equation 79 therefore reduces to

t N

Q(W, We_gep) = Z Z (log ki(sy ) +log w; ) +logPr(w). (Equation 80)

We maximize Q as in Equation 80 under the constraint that all weights sum to one using Lagrange multipliers, by solving

d - 1 o — 1 .
O:d—vvj<Q(W7wEstep) —i(ZW/ - 1)) Zy/ |ogpr( ) — A:W,- Z},i(r)Jr /W,- _3 (Equation 81)

j =1 It

Solving Equation 81 gives
= Z y — 1) (Equation 82)

yielding the following solution for the new mixture weights (i.e. the M-step update):

1 G ,
W=— Zy[(”Jr (0 — 1)} (Equation 83)
t+> (o — 1) Lt=1
j=1
For a symmetric Dirichlet prior, i.e. oy = ¢+1,forallj = 1,...,N, the M-step update reduces to
1 ~ )
W= e ;1 7 +s:| ) (Equation 84)

Online Incremental EM for similarity-based novelty. Classical EM®%® as above estimates the mixture weights by iteratively
applying E-step and M-step update until convergence, using all observations sq; in each single update. When modeling
human and animals, however, it is more realistic to assume that the brain updates its estimate of the novelty of a stimulus
immediately after its observation — even if that leads to a less precise estimate of the overall statistics of stimuli in the envi-
ronment. This is captured by incremental EM, an approximation of EM that uses only a single observation in each update and
iterates repeatedly through the sequence of observations sy; one-by-one until the algorithm has converged. For our case of
humans and animals experiencing an unfamiliar environment, we further assume that the incremental EM algorithms uses a
continuing sequence of observations for its estimates, such that each observation is used only once for the update of the
algorithm. The resulting weight estimates are in that sense ‘approximate’ estimates of the component weights but also
the best estimates that are available for a potentially infinite sequence of observations. To distinguish our specific use of
the incremental EM algorithm from its standard ‘finite stimulus sequence’ usage, we also refer to it as ‘online incremental
EM algorithm’ (OI-EM).

In OI-EM, each observation s; is followed by a single iteration of E- and M-step, and each E-step only recomputes the responsi-
bilities for the current observation s; (all other responsibilities are kept the same):

(t=1)
w;:  UKi(sy ,
/7/(0 ift =t

N
(t-1)
S0 = Z w, ki (sy) (Equation 85)
o else.

The M-step of the algorithm is the same as in the full EM algorithm (Equation 84) — just the underlying responsibilities are different
due to the incremental E-step:

1
o _
Wi t+Ne

t
0
d i+
e 8} t+Ne

Equation 86 gives rise to an iterative update rule (also see first section of the STAR Methods, where we dropped the iteration index
) for better readability):

Z J/,tr + 8] (Equation 86)

t — 1+Ne 1
(t) (t=1) ®)
w; = w; U+

/ t+Ne teNe' 1t =

®
t+Ns’ }/] t

=(1-a )W,“ R +at7/}?, (Equation 87)

with time-dependent learning rate a; = as in Equation 85, and initial weights w; © %,
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Leaky similarity-based novelty. As for count-based novelty, leaky similarity-based novelty can be implemented in two ways: (i) by
assuming that, in the M-step of the EM-algorithm, the weights are computed as the leaky sum of past responsibilities (see
Equation 22), i.e

. —a)t” t <’> .
w; = Tt+Ns 2(1 a) te (Equation 88)

¢

with

t N t
!¢ 1 - 1 - 00 i
TtEq':QSZ Z(.] a)“’y}” _ ( N ol (Equation 89)

1
a a

or (ii) by assuming a fixed learning rate n instead of the time-dependent learning rate a; (see Equation 24).
Decaying responsibilities. For decaying responsibilities as defined in Equation 22, the iterative weight update rule is given by:

t ! ’
w = ﬁ {Z (1 —a) 'y +£:| (Equation 90)
t =1
1 Te1+Ne ,
- (7 +ae)+(1 - a) e (Equation 91)
(1 - a1 - a( - aTt,1))w}’*”+at(y;’>+ag), (Equation 92)

with a; = and T; as in Equation 23. This gives the familiarity update:

T+Ne
N

p(s) = (1 - a)(1 — a(1 — aTr_1))pP(s) +ar Y (y}t) + ag)k,(s) (Equation 93)
j=1

Fixed learning rate. A fixed learning rate in the familiarity update (Equation 19) is equivalent to using a fixed learning rate in the
weight update (Equation 87). Analogously to the count-based fixed learning rate-estimator (see above), the weights at a given
time t are then the weighted average between the initial weight and the discounted sum of responsibilities up to time t:

t y
(1 - n)w}t’” +’77j(t) =(1-n) Z | 7. (Equation 94)

W
< ¢
1/N

Behavioral fit: MLE for N-RL models
The following calculations are based on Daw et al.’® To compute the log-likelihood (Equation 39) for a given N-RL model M to explain
the data D, we use the Markov property of N-RL models:

log P(D|M, 6) Iogl_[P<s0 ,ao aTﬁwsT1 ’M 0) (Equation 95)

i=1
20 T ) _
Z (Iog P(sy)|M.0) + Y log P(a ,[s{” ;M. 0) Z log P(s{’ |af” ;; M, 9)) (Equation 96)
t=1
Since all mice and agents start in the home cage by experiment design, we find P(sg) |M,0) = 1; and since the environment is
deterministic, we can further simplify P(sﬁ?1 |a§i); M,0) = 1. Therefore, Equation 96 simplifies to

20 T;
log P(DIM,0) = > ZlogP )]s M., 0). (Equation 97)
i=1t=

Since our N-RL models use a softmax policy, each each individual log-likelihood is given as
log P(a” ,|s\” ;s M. 0) = pQl," (s .8 ,) Iogz:exp(ﬂQ,ng1 (s 1,a)), (Equation 98)

with inverse temperature f.
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QUANTIFICATION AND STATISTICAL ANALYSIS

All analyses were performed using Python. Standard errors are computed either (i) using jackknife resampling on the available exper-
imental data points (passive viewing task) or (i) using bootstrapping on the number of mice or agents (behavior statistics in active
exploration task). Details are specified in the respective figure legends and the method details. Significance for the model comparison
in the active exploration task is assessed using the established interpretation scale for log-evidence, i.e. a log-evidence difference >
3 is significant.®®®" Leave-one-out cross-validation with jackknife-resampled SE (passive viewing task) and 5-fold cross-validation
(active exploration task) are performed to control for overfitting.
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