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Storing complex correlated memories is signifi-
cantly more efficient when memories are recoded to
obtain compressed representations. Previous work
has shown that compression can be implemented
in a simple neural circuit, which can be described
as a sparse autoencoder. The activity of the encod-
ing units in these models recapitulates the activ-
ity of hippocampal neurons recorded in multiple ex-
periments. However, these investigations have as-
sumed that the level of sparsity is fixed and that in-
puts have the same statistics and, hence, that they
are uniformly compressible. In contrast, biological
agents encounter environments with vastly different
memory demands and compressibility. Here, we in-
vestigate whether the compressibility of inputs de-
termines optimal sparsity in sparse autoencoders.
We find 1) that as the compressibility of inputs in-
creases, the optimal coding level decreases, 2) that
the desired coding level diverges from the observed
coding level as a function of both memory demand
and input compressibility, and 3) that optimal mem-
ory capacity is achieved when sparsity is weakly
enforced. In addition, we characterize how spar-
sity and the strength of sparsity enforcement jointly
control optimal performance. These results provide
predictions for how sparsity in the hippocampus
should change in response to environmental statis-
tics and theoretical grounds for why sparsity is dy-
namically tuned in the brain.
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Introduction

The hippocampus clearly plays a fundamental role in
memory consolidation. Several memory models of the
hippocampus are based on the idea that efficiently com-
pressing memories before they are stored can lead to
a significantly higher memory capacity. Typically, theo-
retical studies on the memory capacity of artificial neu-
ral networks made a critical assumption about the na-
ture of the memories that are stored: the patterns that
represent memories were assumed to be random and
uncorrelated (see, e.g. Hopfield (1982); Amit (1989);
Benna and Fusi (2016); Fusi (2024)), mostly for conve-
nience. However, most of our sensory experiences are

highly correlated. To efficiently store these correlated
experiences, it is essential to preprocess or recode the
memory neural representations as suggested by pre-
vious research (Marr, 1971; Gluck and Myers, 1993;
Treves and Rolls, 1994; McClelland and Goddard, 1996;
Hasselmo and Wyble, 1997). Ideally, one would aim to
extract the uncorrelated (and therefore incompressible)
components of the new input patterns and store only
those. This method of preprocessing and compression
has been explicitly modeled in Benna and Fusi (2021),
where the authors demonstrated 1) a significant im-
provement in memory performance and 2) that the neu-
rons in the hippocampal model exhibit response prop-
erties that are similar to those observed in numerous
experiments, including those of the place cells. Similar
approaches have been recently studied in Recanatesi
et al. (2018); Santos-Pata et al. (2021); Levenstein et al.
(2024); Amil et al. (2024) in which the authors modeled
the hippocampus either as a sparse autoencoder, a pre-
dictive network that is trained to predict the next neural
state, or both.

In Benna and Fusi (2021), compression is achieved
by modeling the hippocampus as a sparse autoencoder
(Olshausen and Field, 1996, 1997), which is trained
to reconstruct the memory to be recalled. Modeling
the hippocampus as an autoencoder was originally pro-
posed in Gluck and Myers (1993) and then studied in
several other theoretical works (Treves and Rolls, 1994;
McClelland and Goddard, 1996; Hasselmo and Wyble,
1997; Schapiro et al., 2017; Lian and Burkitt, 2020).
In most of these models the representations are spar-
sified and orthogonalized in the intermediate layer of
the autoencoder, making the memories more separa-
ble, which in turn facilitates their storage and recon-
struction. Indeed, it is well known the memory capacity
for sparse random patterns is significantly higher than
in the case of dense patterns (Tsodyks and Feigel'man,
1988; Treves and Rolls, 1991). Moreover, orthogonal-
ization is compatible with many experimental observa-
tions (see e.g. Sun et al. (2023); Boyle et al. (2024).

Here, we systematically studied how the level of
sparseness imposed on a hippocampal autoencoder
model determines memory capacity. We found that
there is an optimal sparseness that depends on the total
number of memories that have to be stored and, impor-
tantly, on their degree of compressibility.
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Results

Model setup

Our memory benchmark is the same introduced in
Benna and Fusi (2021): the set of patterns to be stored
as memories is organized as an ultrametric tree (see
e.g. Rammal et al. (1986) and Figure 1A). To generate
correlated patterns, one starts with A uncorrelated ran-
dom patterns, referred to as the ancestors at the top
of the tree. In these patterns, each neuron is either
active or inactive with equal probability, similar to the
Hopfield model (Hopfield, 1982). From each ancestor,
one can generate K descendants by randomly resam-
pling the activation states of the neurons in the ances-
tors with a probability v. K is known as the branching
ratio of the tree. The total number of descendants will be
P = Ax K, and these are the patterns intended for stor-
age in memory. Patterns that descend from the same
ancestor are correlated, while those generated from dis-
tinct ancestors are uncorrelated. This basic method
for generating correlations between patterns has been
studied to extend the Hopfield model to correlated at-
tractors (Feigelman and loffe, 1996; Gutfreund, 1988;
Fusi, 1995).

For a fixed set of P total patterns, increasing the
number of ancestors (and therefore decreasing the
branching ratio) used to generate the final patterns
leads to a decrease in the compressibility of the final
set of patterns. For simplicity in the rest of the paper,
we solely refer to the branching ratio K instead of the
number of ancestors, as an increase in K corresponds
to an increase in the compressibility of a set of patterns.
Only descendants were fed as inputs to networks.

To impose sparsity, a penalty was added to the loss
function if the average activation in the hidden layer de-
viated from the desired coding level f. The relative con-
tribution of this component to the loss was controlled
by the parameter S (Fig. 1B). To test for memory per-
formance, it was necessary to determine how well net-
works could recall learned patterns from degraded in-
puts (Fig. 1C). To do this, memory cues were generated
for the training set by noising each each training pat-
tern. A support vector machine (SVM) was then trained
to decode training patterns from hidden layer encod-
ings. This trained SVM was then tested on the encod-
ings of the noised patterns. Memory performance was
defined as the proportion of patterns that were success-
fully reconstructed by the SVM. As has been previously
described (Benna and Fusi, 2021), varying the desired
coding level f led to shifts in the number of recalled
memories (Fig.1D) when patterns had low compressibil-
ity, with the greatest number of recalled patterns at an
f of 0.075. Interestingly, when patterns had high com-
pressibility K, the greatest number of recalled memo-
ries resulted from networks trained with a desired cod-
ing level of 0.05 instead of 0.075, indicating that the op-
timal f for memory performance is contingent on the
compressibility of patterns to be memorized (Figure1E).
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Optimal sparsity is tuned to the compressibility of
inputs
To rigorously understand the dependence of optimal
sparsity on the compressibility of inputs, multiple net-
works were trained with the number of patterns fixed at
P =400. In networks with strong enforcement (8 = 5)
of sparsity, an increase in the compressibility of inputs
led to a decrease in the desired coding level (i.e., an
increase in the sparsity) that yielded maximum memory
performance (Fig. 2A). Since memory performance was
tested on memory cues that were noised versions of the
original inputs, we were interested in whether the cod-
ing level of noised memory cues was aligned with the
desired coding level with which networks were trained.
We were also interested in whether the compressibility-
dependent shift in the optimal desired coding level
would persist for the observed coding level of mem-
ory cues. While there was an increase in the optimal
observed coding level when the branching ratio K de-
creased from 100 to 25, there was an unexpected de-
crease in the optimal observed coding level when the
branching ratio further decreased to K = 2 (Fig. 2B).
As these results implied, the observed coding level
for encodings of noised memory cues was roughly lin-
ear for K = 25,100 (Fig. 2C). However, for K = 2, the
observed coding level was consistently lower than the
desired coding level (Fig. 2C). These results indicate
that the optimal desired coding level for sparse autoen-
coders with strong sparsity enforcement has an inverse
relation to the compressibility of inputs. Additionally, the
coding level of noised memory cues does track the de-
sired coding level, but the strength of this relation is con-
tingent on the compressibility of inputs. Given that the
coding levels of the noised cues strayed from the line of
identity, we were interested in whether weaker enforce-
ment of sparsity would allow networks to tend towards
a more optimal observed sparsity level.

Networks maintain memory performance at higher
coding levels with weaker sparsity enforcement

Similar to as in Figure 2, models were trained across
a range of K and f, but this time with weak sparsity
enforcement (8 = 0.25). While a clear optimal desired
coding level was present for K = 100, for lower com-
pressibilities memory performance plateaued from the
lowest tested desired coding levels (f = 0.001), all the
way up to f = 0.075 (Fig.3A). When considering the
observed coding level, it became clear that networks
tended towards coding levels that were far greater than
desired coding levels (Fig.3B,C). In spite of this, net-
works tended towards a lower optimal observed cod-
ing level for inputs with higher compressibility, mimick-
ing the trend seen in networks with stronger enforce-
ment of sparsity. However, this effect was far slighter
than in models with strong sparsity enforcement, and a
return to lower optimal coding levels for low compress-
ibilities was not seen as was the case in Fig. 2B. These
results indicate that weaker enforcement of sparsity in-
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Figure 1. Sparse autoencoders can be trained with varying desired coding levels and input compressibilities.

(A) Ultrametric trees are used to generate compressible inputs for autoencoders. On the left, a highly compressible environment is illustrated, where a total of P = 4
patterns are generated by randomly noising a single ancestor with a branching ratio K = 4. On the right, a less compressible environment is generated by using a
lower branching ratio, such that to generate four patterns, two random ancestors are needed. (B) The sparse autoencoder takes in a single pattern and is trained
to reconstruct that pattern, with the constraint that encoding units should have a certain coding level f. If the observed coding level F' does not line up with the
desired coding level, a penalty is applied during training, the strength of which is controlled by the parameter B (set to 1 in all plots in this figure). (C) To test whether
networks accurately store memories, the original patterns that the network was trained on are noised. These noised inputs are then presented to the network, and a
support vector machine (SVM) is used to decode the original pattern. If the decoded pattern has high overlap with the original pattern, it is considered a successful
recollection. If the decoded pattern does not have high overlap - for instance, if it simply recreates the noised pattern - the pattern is considered to be unsuccessfully
retrieved. (D) Memory performance at low compressibility, across various numbers of patterns P in the training set provided to the autoencoder. Hues differentiate
models trained with different desired coding levels. (E) Same as D, but with high input compressibility.
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Figure 2. Networks with strong (8 =5) enforcement of sparsity have optimal desired coding levels that vary as a function of input compressibility.
(A) Memory performance as a proportion of successfully retrieved memories for a fixed number of inputs P = 400, across various compressibilities, as a function of
the desired coding level. (B) Similar to A, but instead of the desired coding level, the average observed coding level F' for the noised memory cues for each network
is plotted. C The observed coding level for each network as a function of the desired coding level provided during training. The dashed line is the identity line.
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duces networks to tend towards the same optimal cod-
ing level for multiple desired coding levels, leading to
a ‘plateau’ in performance and observed coding levels
across multiple desired coding levels.

Weak enforcement of sparsity generally increases
memory performance

Paradoxically, while maintaining sparsity appears to
be important for boosting memory capacity (Fig.1D),
weaker enforcement of sparsity did not degrade mem-
ory performance (Benna and Fusi, 2021). In fact, strong
enforcement of sparsity led to degraded memory perfor-
mance across most tested coding values and input com-
pressibilities (Fig.4A,B). However, depending on the to-
tal number of memories in the inputs, the optimal en-
forcement of sparsity also varied. At low memory ca-
pacities (P = 100), performance was generally uniform
across all sparsity enforcement strengths at f > 0.05,
with a slight advantage for strong sparsity enforcement
when compressibility was also high (Fig.5A,C). How-
ever, with higher memory demand, moderate sparsity
enforcement was optimal at low compressibility, but both
weak and moderate sparsity enforcement were optimal
at higher compressibilities (Fig.5B,D). These data indi-
cate that optimal sparsity enforcement is tuned not only
to the compressibility of inputs but also to the total num-
ber of memories that a network must store.

Discussion

Optimal sparsity is contingent on compressibility
and memory demand

Across all models and parameters tested, there were
clear optimal coding levels where memory performance
was maximal. Optimal coding levels were present
both when considering the desired coding level and
the observed coding level during the memory task
(Fig.2A,B,3A,B). The optimal desired coding level was
contingent on the compressibility of the set of training
patterns, with a decrease in the optimal coding level
as compressibility increased. While strong enforcement
of sparsity was able to control the coding level dur-
ing memory tests, it was also possible to weakly en-
force sparsity to observe what coding levels the net-
work would evolve towards during training. Interestingly,
weaker enforcement of sparsity led to higher memory
performance, which was accompanied by an increase
in observed coding levels (Fig.4A,B,3C). These results
indicate that while maintaining sparsity is important for
memory performance, penalizing networks too harshly
for maintaining denser encodings prevents the training
of an encoder that can properly generalize to noisy in-
puts. It is important to note here that simply achieving a
higher coding level does not lead to better performance
on the memory task: when sparsity was strongly en-
forced, networks trained with higher desired coding lev-
els showed performance that was half of peak perfor-
mance across all models (Fig.2B,C).
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Memory demand was also important for determin-
ing the strength of sparsity enforcement: when net-
works were trained on fewer patterns, they generally
achieved near-perfect memory performance across all
tested sparsity enforcement strengths, but when mem-
ory demand increased, it became important to maintain
weaker sparsity enforcement. (Fig.5A-D). As a whole,
these results suggest that sparsity is tuned to the com-
pressibility of inputs. However, it is also important for
networks to be given leeway to tend towards a a higher
coding level to maximize performance on the memory
task, where it is important that encodings are robust to
noise.

Enforcing sparsity with alternative measures

In order to maintain a differentiable loss function, we
utilized a loss function that penalized deviations in the
sparsity of an encoding vector from the desired sparsity
f by simply taking the average across activations in the
encoding layer (Eq.1). There are other ways of enforc-
ing sparsity: for instance, Kullback-Leibler divergence
and similar measures of the distribution of activations
are often used in sparse autoencoders, but they gener-
ally measure sparsity per-neuron (e.g., the coding level
measures the proportion of patterns in the entire set that
a given neuron is active for), rather than per-encoding
(e.g. the proportion of active units in the encoding for a
single pattern) (Nair and Hinton, 2009). Alternative ap-
proaches that can be applied per-vector include forcing
sparsity by choosing the k-strongest activations, or L°
norm minimization, which explicitly measures sparsity
but requires approximation to be used with gradient de-
scent (Makhzani and Frey, 2014; Willmore and Tolhurst,
2001). It will be important for future work to test whether
the dependency of optimal coding level on input com-
pressibility is consistent across these alternate sparsity
measures. We also utilized L2-approximate weight reg-
ularization in our models to prevent trivial readout of
sparse codes. It is possible that this could play an im-
portant role in training an encoder that generalizes, and
that the interplay between the sparsity loss and the im-
pact of regularization has an important role in shaping
these networks (Steck, 2020).

Flexible sparsity in the brain

Our model allowed for both a desired sparsity (f) and
the relative strength of sparsity enforcement (5) to be
strictly controlled. How might the brain dynamically tune
the level of sparsity in order to optimally match input
statistics? In the hippocampus, a sparse code is main-
tained in the dentate gyrus (DG) via strong lateral in-
hibition (Espinoza et al., 2018). In addition to this lat-
eral inhibition, a diverse set of inhibitory interneurons
appear to be tuned to behavior, novelty, and stress (Nitz
and McNaughton, 2004; Schoenfeld et al., 2013). Lat-
eral inhibition has already been shown to play an im-
portant role in biologically plausible implementations of
autoencoders (Pehlevan and Chklovskii, 2015; Pehle-
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van et al., 2018; Sengupta et al., 2018; Benna and Fusi,
2021). Both lateral and feedforward inhibition might be
tuned dynamically to rapidly optimize DG coding level
in response to acute input compressibility. Recent ev-
idence also suggests that sparsity can be driven at
longer timescales by neurogenesis in the DG, which in
turn is tuned to the richness (and perhaps compressibil-
ity) of environments, as well as to stress (Luna et al.,
2019; McHugh et al., 2022). Therefore, neurogenesis
might provide a slower mechanism to tune sparsity as
an animal integrates over many experiences.

Experimental predictions

Our results indicate that in more compressible environ-
ments, the DG would favor a sparser code. While mea-
suring the compressibility of an animal’s experience can
be difficult, it is known that when animals are stressed
or in an unenriched environment, the sparsity of the DG
decreases (Karst and Joéls, 2003). Traditionally, it is
thought that this favors pattern completion rather than
pattern separation, allowing for generalization of experi-
ence (Treves et al., 2008). While environments with low
richness might appear to be highly compressible, in our
framework, they might be better understood as environ-
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ments with low memory demand (Fig.5A-D). In these
environments, it is likely that higher coding levels do not
penalize memory performance, as our model predicts.
In contrast, in richer environments, memory demand is
likely higher, which drives down the optimal coding level.
To test the effects of environmental compressibility on
the coding level of the DG, it will be necessary to strictly
control the statistics of experience, likely via virtual re-
ality environments, while keeping the total memory de-
mand fixed.

As a whole, our findings indicate that sparsity in the
DG is likely tuned to both the compressibility and total
memory demand of inputs and that changes in DG cod-
ing level in response to behavior, cognitive state, and
environmental statistics could be adaptive responses to
optimize memory performance.

Methods

Generating compressible pattern sets

Ultrametric trees were used to generate compressible
sets of patterns as described in Benna and Fusi (2021).
To generate P patterns with a branching ratio of K,
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Figure 5. Optimal sparsity enforcement and sparsity are also contingent on memory demand.
(A) Memory performance as a proportion of memories in the input set for low memory demand and low compressibility as a function of the desired coding level. Hues
represent networks trained with different 8. (B) Same as (A), but for higher memory demand. (C-D) Same as (A) and (B), but with high input compressibility.

A = P/K total 300-unit ancestors were generated by
randomly sampling each unit from the Rademacher dis-
tribution, such that each unit had an equal chance of be-
ing -1 or 1. K descendants were then generated from
each ancestor pattern by resampling each unit w/ prob-
ability v = 0.4.

Training sparse autoencoders

All networks were trained in Python (3.11.8) using Py-
torch (2.1.1). Networks consisted of a fully connected
input (300 units), encoding (600 units), and output (300
units) layer, with sigmoid activations between the input
and encoding layers. To maintain sparsity, the average
activation value in the encoding layer was used as a
proxy for the coding level, and a penalty was applied if
this value differed from the desired sparsity f, weighted
by the coefficient 5. All networks were trained to recon-
struct their input units by utilizing mean-squared error
(MSE) loss, such that the final joint loss function for a
batch of patterns X was: (Equation 1).

N .] Z
PBIEDBEANNC
i=1 j=1

2w

N a2
L(X) NZ(% ;)" +
=1
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Where N is the number of patterns in the batch, z; is
the ¢-th pattern in X, #; is the output from the network
for an input z;, B is a constant, f is the desired coding
level as a proportion, J is the number of units in the en-
coding layer and z;; is the activation of the j-th unit in
the encoding for an input x;. Adam was used as the op-
timizer for all modeling, with weight regularization per-
formed by setting weight_decay to 0.00001. The initial
learning rate was set to 0.001, and training was per-
formed for 3000 epochs or until the total loss dropped
beneath 0.01.

Testing memory performance

Refer to Figure 2C for a graphical description of the
memory performance procedure. First, memory cues
were generated by inverting the value of each unit in
the training set of patterns with probability 0.2, such
that, on average, memory cues were 80% similar to pat-
terns in the training set. Each memory cue was then
presented to the trained network, and the hidden layer
encoding was generated for each cue. A set of SVMs
(Scipy 1.11.4, LinearSVC, C=0.005) was then trained to
decode input patterns from the binarized hidden layer
encodings of the original training patterns. Each SVM
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was trained to decode a single input unit from the en-
tire encoding vector, and binarization was performed by
mapping any value in the encoding layer greater than
0.5to 1, and less than 0.5 to -1. These trained SVMs
were then tested on the binarized encodings from the
memory cues. A pattern was considered correctly re-
called if more than 90% of units in the decoded pat-
tern overlapped with the original pattern from the train-
ing set. Observed coding levels for the memory cues
were obtained by binarizing the encodings using the
same method mentioned above. Reported memory per-
formance corresponds to the proportion of correctly re-
called patterns from the full set of noised memory cues.
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