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Figure S1: Similarity-based novelty predictions for different component widths (Gabor toy
example), related to Figure 1. (A-B) As we increase the width σj of each of the four triangular
components from σj = 45° (A) to σj = 52.5° (B), the third stimulus in the Seq. 3 (purple) also
starts to be affected by generalization; it has a lower novelty because it shares similarities with
the second stimulus. In Seq. 1-2, the similarity between previous stimuli and the third stimulus
is lower, such that its effect on the novelty of the third stimulus is very small (Seq. 2, magenta)
or absent (Seq. 1, orange), even for components of width σj = 52.5°. (C-D) Using even wider
components (σj = 60) enhances the effect of similarities on the novelty of the third stimulus. In
panel D, the number of components (N = 3) is adjusted such that each stimulus in the interval
[0°, 180°] is covered (approximately) equally by components.
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Figure S2: Candidate circuit to implement similarity-based novelty based on shunting
inhibition, related to STAR Methods. Component activations kj(s) are transmitted as presy-
naptic activations through plastic synapses with weight w(t)

j to postsynaptic pyramidal cells. The
postsynaptic activations w

(t)
j kj(s) are transmitted to a shared inhibitory population, from which

the combined signal
∑

j w
(t)
j kj(s) is sent back to the pyramidal neurons in the form of dendritic

disinhibition. In the presence of shunting inhibition, this dendritic input acts as the normalization
factor 1/

[∑
j w

(t)
j kj(s)

]
in the Hebbian update of the pre-to-postsynaptic weights w

(t)
j .
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Figure S3: Parameter sensitivity for leaky count-based and leaky similarity-based novelty
in the Homann experiment, related to Figure 2. Caption on next page
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Figure S3: Parameter sensitivity for leaky count-based and leaky similarity-based novelty
in the Homann experiment, related to Figure 2. (A-C) MSE between experimental data1 and
fitted count-based (blue) and similarity-based novelty (red), where one parameter at a time is
perturbed from the fitted values: leakiness α (A1), prior ϵ (A2), number of states in count-based
novelty (B), convolutional density c (C1) and number N of convolutional components (C2) for
similarity-based novelty (STAR Methods). Dashed vertical lines indicate fitted value of the per-
turbed parameter. (D-E) Count-based novelty predictions (D, blue) and similarity-based novelty
predictions (E, red) under the perturbations of α as depicted in A1 (thin lines in D-E) and for
fitted parameters (bold lines in D-E). Black lines denote trial- and population-averaged novelty
responses in mouse V11, with error bars showing the SEM across n = 5 mice. (F) Robustness
of similarity-based novelty to changes in the component. F1: Triangular components of different
widths that determine component activation ϕ(zi) based on the similarity zi of a given stimulus
with reference Gabor i. F2: Component width are varied within a range such that randomly cho-
sen images from the experiment by Homann et al.1 have a sufficient probability of activating at
least one component. F3: MSE between similarity-based novelty and experimental data, where
the component width was perturbed as in F1-F2 (linear regression mapping to the experimental
data refit). MSEs are shown under pure weight perturbation (light red) and under weight pertur-
bation with refit of the novelty parameters α (leakiness) and ϵ (prior).
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Figure S4: Leaky vs. fixed-rate count-based and similarity-based novelty in the Homann
et al. experiment, related to Figure 2. (A-B) Fitted and leave-one-out cross-validated MSE
between novelty models and experimental data, for leaky and fixed-rate variants of count-based
and similarity-based novelty. Error bars show the SEM, estimated wtih jackknife resampling of
the fitting and cross-validation process, respectively (STAR Methods). (C) Average novelty re-
sponses in mouse V11 (black line, error bars: SEM across n = 5 mice), and predictions of each
of the four models (colored lines) on held-out data during the cross-validation. Individual colored
data points show model predictions obtained by jackknife resampling of the cross-validation pro-
cess. Leaky and fixed-rate similarity-based novelty both fit experimental data substantially better
than count-based novelty. Fixed-rate count-based novelty captures experimental data worse
than leaky count-based novelty, in particular in the M -experiment.
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Figure S5: Cumulative cross-validated log-likelihoods and behavioral statistics for all
models fitted to the Rosenberg data2, related to Figure 3. (A) Cumulative negative LL across
cross-validation folds (‘CV-LL’) in 5-fold cross-validation for (i) count-based novelty (l = 6 compo-
nents), (ii) similarity-based novelty (l = 1, ..., 5 components) and (iii) combined count-similarity-
based novelty (l = 6 and l = 1, ..., 5 components). Since the CV-LL can be interpreted as log-
Bayes factors, differences greater than log(20)=3 and log(150)=5 are considered as significant
and strongly significant3,4, respectively. (B) Average steps to goal for mice (black), count-based
novelty agent (blue) and the best combined count-similarity-based agent (l = 5 and l = 6 com-
ponents). Average is computed across 20 mice and 400 simulations with different initial seeds
for each agent. Error bars show bootstrapped SEM.
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Figure S6: Robustness of similarity-based novelty predictions in the sum-of-parts proto-
col, related to Figure 4. Sum-of-parts predictions for different values of the leakiness α. The
sum-of-parts protocol is simulated for the same five rotation values of the novel image X as in
Fig. 4 (left to right panel: 0π, 0.5π, 0.509π, 0.6π, 1π). Each point depicts the predicted novelty
response ∆N to the novel image, averaged across 20 simulations with different random permu-
tations of the familiar image sequence (shaded area: SEM across simulations). (A) Sum-of-parts
predictions are robust for α ≤ 0.5. The generalization threshold, i.e. the rotation value for which
predicted novelty responses switch from the ‘generalization’ into the ‘recency’ regime, increase
with α. (B) Sum-of-parts predictions for α ≥ 0.5 still robustly show two opposing regimes (‘gen-
eralization’ regime for rotation of 0π, leftmost panel; ‘recency’ regime for rotation of 1π, rightmost
panel), but novelty predictions for large M vary across permutations of the familiar sequence
since large α values quickly amplify small variabilities in the novelty responses.
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