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Abstract

We propose a two-layer computational neuroscience model for
storing and retrieving sensory patterns in memory. The first
layer, sparse coding, generates condensed yet explicit repre-
sentations adapted to the statistics of natural scenes. The sec-
ond layer, a complex-valued associative memory model, can
store patterns generated by the first layer and recover partial
or corrupted versions of them. We demonstrate the model’s
collective effectiveness at denoising and recalling sensory pat-
terns from a dataset of natural images, with both layers provid-
ing complementary contributions to improving the peak signal-
to-noise ratio. In addition, the invariance of the model to pair-
wise phase differences allows for partial generalization to sim-
ilar scenes. Collectively, these principles are consistent with
prior theory and experiments in neuroscience, and lead to po-
tential predictions about inference mechanisms in biological
neural networks.

Keywords: sparse coding; associative memory; neural net-
work; phase coding; computational neuroscience

Introduction
Deciphering the computational basis of memory in neural cir-
cuits is a fundamental problem in both neuroscience and cog-
nitive science. An influential theoretical model in the field is
the attractor neural network, which has provided useful ac-
counts of pattern completion and working memory, among
others (Chaudhuri & Fiete, 2016). Such attractor networks,
also known as associative memories, have improved our un-
derstanding of specific neural circuits, such as the fly head
direction system (Kim, Rouault, Druckmann, & Jayaraman,
2017; Turner-Evans et al., 2020), and its principles have
proven useful to artificial intelligence (Ackley, Hinton, & Se-
jnowski, 1985; Ramsauer et al., 2021). An unsolved yet fun-
damental question concerns the relation between sensory pat-
terns, which are typically highly structured, and the abstract,
typically random, patterns that are stored in attractor neural
networks. This problem is delicate to address because di-
rect storage of correlated sensory patterns will result in cross-
talk noise that interferes with memory retrieval. One pro-
posed mechanism is that heteroassociative synaptic weights
link pre-defined patterns to those generated by sensory codes
(Kanter & Sompolinsky, 1987; Kymn, Mazelet, Thomas, et
al., 2024; Sharma, Chandra, & Fiete, 2022; Chandra, Sharma,
Chaudhuri, & Fiete, 2025). An implication of these accounts

is that weight matrices between the sensory patterns and ran-
dom patterns assist in pattern separation.

In this work, we present an alternative hypothesis for the
storage of patterns, inspired by the adaptation of sensory pro-
cessing to the statistics of natural scenes (Barlow et al., 1961;
Zetsche, 1990; Olshausen & Field, 2004; Hyvärinen, Hurri,
& Hoyer, 2009). This approach hypothesizes that neural rep-
resentations are tuned to efficiently represent the statistics of
sensory inputs. In particular, sparse coding posits the exis-
tence of sparse, dimensionality-expanding (“overcomplete”)
representations, which are a recurring circuit motif in areas
such as primary visual cortex, cerebellum, and hippocampus
(Olshausen & Field, 2004). Here we argue that these sparse,
overcomplete representations provide a helpful contribution
to associative memory models, by transforming highly struc-
tured sensory input into decorrelated and explicit representa-
tions of sensory patterns. Such models support the intuition
that it is useful to reduce the redundancy of patterns before
storing them into memory, and they lead to a mechanistic hy-
pothesis about how biological neural networks achieve this
desideratum.

Our study draws upon and unites two existing methods in
computational neuroscience: sparse coding and associative
memory. We demonstrate that sparse coding provides rea-
sonable pattern separation that is a strongly desirable prop-
erty for storage in an associative memory. We then show that
these two stages provide complementary abilities to denoise
sensory patterns. In addition, we show that a specific feature
of our network, its formulation in terms of complex values,
allows for some generalization to similar scenes without ad-
ditional memory requirements or training data. Finally, we
discuss possible implications for neuroscience and for the de-
sign of associative memories.

Methods
Mathematically, we formulate the memory retrieval problem
in terms of denoising a sensory pattern that has been stored in
memory. This definition is practically useful because we can
formulate a quantitative metric for the model. More specif-
ically, we can investigate the retrieval accuracy and peak
signal-to-noise ratio (PSNR) following the two components:

5997
In D. Barner, N.R. Bramley, A. Ruggeri and C.M. Walker (Eds.), Proceedings of the 47th Annual Conference of the Cognitive Science
Society ©2025 the author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).



Figure 1: Visualization of main methods, subspace sparse coding and TPAM. A) Visualization of 256 of 1024 basis functions,
which are the columns of the matrix A. Pairs of basis functions form two-dimensional subspaces that can be characterized by a
complex number (that is, by an amplitude and phase). Only the subspace amplitudes are required to be sparse. B) The structure
of a pair of latent variables can be mapped onto the complex plane. Changes in angle of the complex number reflect shifts in
the phase of sparse code, while changes in the amplitude reflect changes in the intensity of the feature. The four images shown
depict the receptive fields for four different phases. The sparsity penalty (second term of Equation 2) encourages the amplitudes
to be small and does not reward or penalize specific phases. C) An example of the convergence of threshold phasor associative
memory near a stored pattern. Most elements are zero (black), while others converge to specific phases (the hues shown in
panel B indicate the phase). The similarity to each pattern for each iteration is also shown, with each line corresponding to one
pattern and the thick black line corresponding to the nearest pattern.

sparse coding and associative memory dynamics.

Subspace sparse coding
Early studies of the primary visual cortex (V1) have shown
that the response properties of many neurons are localized
(responding only to certain parts of an image), oriented (pref-
erentially responsive to features aligned in a specific angle),
and bandpass (responsive to specific frequencies). Efficient
coding models have shown how these three properties can be
explained by a simple generative model that is adapted to the
statistics of natural images (Olshausen & Field, 1996; Bell
& Sejnowski, 1997). Subsequent work has shown that these
models can also explain the properties of simple and complex
cells (Hyvärinen & Hoyer, 1999; Berkes & Wiskott, 2005;
Cadieu & Olshausen, 2012). Simple cells respond only to
specific spatial phases (firing rates are sinusoidal in response
to a moving grating), while others are invariant to the phase
(firing rates are constant for such stimuli). In these mod-
els, complex cells are formed as a quadrature pair of sim-
ple cells, whose receptive fields are phase-shifted versions of
each other (e.g., sine and cosine). Equivalently, we can think
of the quadrature pair as representing a single complex num-
ber, with amplitude representing intensity and phase repre-
senting the spatial phase of the image.

In this work, we use subspace sparse coding (Paiton, Shep-
ard, Chan, & Olshausen, 2020), which is a minimally suffi-
cient model to generate latent representations with emergent
quadrature pairs (examples of pairs are shown in Figure 1A).

Let x ∈ RD be an input data vector (in this case, we will con-
sider vectorized images), A ∈RD×N is the “dictionary” of ba-
sis functions, and s ∈ RN is the latent representation. Figure
1A also demonstrates the example plot of the basis functions
A. Sparse coding represents each image as a linear combina-
tion of basis functions:

x = As+ν (1)

where ν denotes residual structure (assumed to be Gaussian)
that is not explained by the basis functions.

Therefore, we must infer a code s for each particular image
and learn a general dictionary A that is well-adapted to the
statistics of our dataset. For all experiments presented here,
we work with a dataset of whitened natural images from the
American Northwest, which has been used in prior work on
sparse coding (Olshausen & Field, 1996). In order to achieve
a code that learns a sparse code adapted to the statistics of
our dataset, we optimize A and s by minimizing the following
loss function:

L =
1
2
||x−As||22+λ

N/2

∑
i=1

√
s2

2i−1 + s2
2i

+µ
N/2

∑
i=1

|AT
[2i−1:2i]A[2i−1:2i]− I2|

(2)

where the first term expresses the reconstruction error, and
the second term encourages the amplitudes of each subspace
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of two units to be small. The third term encourages the basis
functions learned within a subspace to be orthogonal to each
other, which encourages the learned receptive fields within
each subspace to differentiate their responses. (The notation
A[2i−1:2i] is meant to emphasize that only the two columns in
each group are considered for each term in the sum.) Model
weights are learned by batch gradient descent. The λ and µ
are hyperparameters that control the tradeoff between differ-
ent training objectives (both are set to 0.1 in our experiments),
and I2 is the 2×2 identity matrix.

We train an overcomplete sparse code, in which there are
many more basis functions (N = 1024) than pixels (D= 256).
Intriguingly, for natural images, these contain many dictio-
nary elements that are not quite Gabor-like but that improve
the sparsity of the representations (Olshausen, 2013). Ad-
ditionally, subspace sparse coding can express richer struc-
ture than in standard sparse coding, which models all basis
functions as statistically independent. Complex numbers can
be decomposed into real and imaginary parts or amplitude
and phase; the phase of each complex-valued component zi
corresponds to the spatial phases structure of natural scenes
(Zetzsche, Krieger, & Wegmann, 1999). For example, slight
translations of images can be expressed in phase (but not am-
plitude) shifts in the latent representation space. This prop-
erty can be utilized by memory to store pattern more effi-
ciently (Figure 4B).

Finally, the elements of the complex-valued vector z ∈
CN/2 are formed based on the subspaces of basis functions:

zi = s2i−1 +
√
−1s2i (3)

where the values s2i−1 and s2i are the paired latent represen-
tations. That is, we set s2i−1 to the real part of the complex-
valued vector component zi, and s2i to the imaginary part.
This step allows us to store patterns in a complex-valued at-
tractor neural network.

Threshold Phasor Associative Memory (TPAM)
Next, we store the sparse patterns into an autoassociative
memory. We take as a starting point the threshold phasor as-
sociative memory model (TPAM) (Frady & Sommer, 2019),
because it matches well with the sparse, complex-valued en-
codings learned by subspace sparse coding. As we will
show, using the patterns learned by sparse coding helps re-
duce the cross-talk interference between patterns, increasing
the signal-to-noise ratio.

First, we store a set of complex patterns
{z(1),z(2), . . . ,z(P)} using a “Hebbian” outer product
learning rule:

J =
P

∑
p=1

z(p)z(p)† (4)

where † denotes the transpose conjugate, and P is the number
of complex patterns.

Then, to recover patterns (possibly noisy) with TPAM, we
first infer the initial vector z(0) by solving the inference algo-

Figure 2: The inference procedure of sparse coding results in
many values near zero, contributing to better pattern separa-
tion. A) Histogram of amplitudes of complex-valued coeffi-
cients zi for natural image patches, with the y-axis shown on
a log-scale. We observe that MAP estimation results in many
values having zero or near-zero activation, which shows that
the latent representations are very sparse.B) The inner prod-
ucts between distinct images is reduced with sparse, over-
complete representations compared to the original pixel-wise
inner products between the same data. Inner products are nor-
malized by the product of the two vector norms.

rithm for subspace sparse coding. We update the noisy image
sparse patterns z(0) with the following rules:

The dynamics can be decomposed into three steps: multi-
plication by the weight matrix J, thresholding, and normal-
ization.

u(t) = fθ(Jz(t)) (5)

z(t +1) =
u(t)
∥u(t)∥

(6)

The term fθ is a thresholding function applied element-
wise that sets all values less than θ to 0. Like λ and β, it
is a hyperparameter that should be adapted to the sparsity of
the stored patterns. Empirically, we observed that setting the
threshold near the L0 pattern sparsity (after applying a thresh-
old that sets very small coefficients to 0) resulted in the high-
est accuracy of retrieval, although slight deviations from this
value did not strongly impact these results. Finally, after a
finite number of discrete-time updates, the output vector z is
used to reconstruct the image via the basis function matrix A.

Because the weights are Hermitian symmetric, the network
dynamics are known to descend an energy function which is
known to be real-valued, finite and non-increasing over the
dynamics (Noest, 1987; Frady & Sommer, 2019). An exam-
ple simulation of the dynamics of TPAM is shown in Fig-
ure 1C. The network is initialized near the target pattern but
is not identical to it. The final state of the network converges
in fewer than 10 iterations to a result that is more similar to
the target state. Note, however, that the convergence is not
exact due to the phenomenon of “cross-talk” interference due
to a small but non-zero similarity between patterns.
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Figure 3: A) Peak signal-to-noise ratio (PSNR) of noisy and denoised images by sparse coding model and TPAM (the red line)
with different patterns stored. Plots depict the average across 5 different trials, where each trial assesses the average PSNR for
all patterns stored in memory. The noise scale is 0.5 across all trials. B) PSNR of noisy and denoised images by sparse coding
model and TPAM with different noise levels applied. Once again, plots show averaged results from 5 trials; 50 patterns are
stored per trial. C) The correctness of the model in retrieving patterns with different noise levels applied. Each item shows the
average accuracy based on 500 different randomly selected patterns. Bars indicate the variance based on the empirical accuracy.

Results
Sparse inference effectively separates patterns
Conventional associative memories suffer when storing data
such as natural images, because the patterns are correlated
and contribute higher levels of cross-talk noise during re-
trieval. The typical solution to this problem consists of a
whitening transformation, or a linear transformation of the
data that helps to decorrelate it. While this improves over the
correlated baseline, it still suffers from interference due to
higher-order (that is, greater than second-order) correlations
still present within the data (Kymn, Mazelet, Ng, Kleyko, &
Olshausen, 2024). This whitening transformation can be per-
formed either on the data matrix itself or implicitly with pro-
jections in a pseduoinverse learning rule.

Here, instead, we propose using sparse coding as a method
for learning higher-order structure that orthogonalizes pat-
terns. We optimize the coefficients s with gradient descent,
which amounts to taking a maximum a posteriori (MAP) es-
timate of the latent variables in the coefficients. Due to com-
petition between basis functions, points that may have par-
tial similarity will be closer to orthogonal in the latent space
(Figure 2B). This reduction in pattern similarity directly con-
tributes to less “cross-talk” interference between the patterns
being stored, allowing for a higher signal-to-noise during sub-
sequent reconstruction. In addition, the sparsity of the in-
ferred representations implies that many terms in the outer
product learning rule are zero or near zero, reducing the ex-
plicit storage requirements per pattern.

Sparse coding and TPAM function as
complementary generative models
Denoising can be interpreted as a generative process: when
presented with a noisy image, the brain synthesizes an in-

ternal explanation of the visual scene. Sparse coding offers
a bottom-up approach to this process. Specifically, when a
noisy image is fed into the primary visual cortex (V1), it is
decomposed into a sparse combination of atomic elements.
Because noisy components produce only small activations,
they are largely suppressed by the sparsity term in the loss
function (Equation 2). This leads to effective denoising re-
gardless of the specific image content. Indeed, as shown in
Figure 3A, images reconstructed via sparse coding consis-
tently have higher peak signal-to-noise ratios (PSNR) than
the original noisy inputs, indicating that the denoising is suc-
cessful. The following is the definition of the PSNR, where
MAX is the maximum pixel value of the image:

PSNR = 10log10

(MAX2

MSE

)
, (7)

where

MSE =
1
D

D

∑
i=1

(xi − x̂i)
2

In contrast, TPAM provides a top-down generative mecha-
nism: a highly noisy input can be accurately recovered, pro-
vided it was previously stored in the memory. As illustrated in
Figure 3B, TPAM yields a considerably greater improvement
in PSNR than sparse coding alone as noise levels increase. As
shown in Figure 3C, it also keeps the correctness of retriev-
ing patterns when noise is applied. This behavior aligns with
psychological findings showing that, when visual stimuli are
extremely degraded, memory recall is often essential for ob-
ject recognition (Bar, 2004; Oliva & Torralba, 2007). How-
ever, being a memory-based model, TPAM is limited by the
number of patterns it can store. Once too many patterns are
encoded, the network may converge to spurious fixed points
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that do not correspond to the original stored patterns. This
limitation is evident in Figure 3A, which indicates that the
PSNR of TPAM reconstructions decreases as the number of
stored patterns increases.

Phase-shift invariance enables generalization to new
but semantically similar scenes
The dynamics of complex-valued attractor networks have a
symmetry, in that the energy is invariant to constant phase
shifts of the image. More concretely, if two vectors y and
z are equivalent up to a constant phase shift, then they will
be assigned equal energy (Figure 4A). For the case of stor-
ing sensory patterns, this carries the benefit of generalizing
to new kinds of scenes with similar pairwise relationships in
phase. Relationships between phase variables are highly use-
ful to forming representations of images that are invariant to
continuously varying parameters such as rotation, scale, and
translation (Cohen & Welling, 2014; Chau, Qiu, Chen, & Ol-
shausen, 2022).

In addition, we show that these continuity properties can be
used for generalization to new but semantically similar pat-
terns, such as images generated by small pixel-wise shifts of
the original memory. The PSNR for a 1-pixel shift remains
higher than the baseline denoising offered by sparse coding,
even though this shifted image was not explicitly stored in the
memory (Figure 4B). These shifted patterns are technically
not minima of the energy landscape, because the spatial fre-
quencies of different elements in the sparse code are different.
However, for small shifts the patterns are still close enough to
allow some generalization without additional training data or
storage required. Using the intrinsic properties of the attrac-
tor manifold to take into account further structure in pairwise
phase statistics remains a promising area for future study.

Discussion
We present a two-stage model of memory compression, con-
solidation, and retrieval. The first stage, sparse coding, learns
an efficient basis for natural images that is able to compress
sensory patterns into a small set of active units. The sec-
ond stage, associative memory, allows further denoising to re-
trieve a stored memory. The formulation in terms of complex-
valued coefficients allows for generalization to patterns with
the same pairwise phase statistics.

Our methods bear similarities, in name and in spirit, to
some previously existing approaches. Foundational work on
sparse associative memories has shown empirically and the-
oretically that sparse patterns result in a higher storage ca-
pacity compared to their dense counterparts (Golomb, Ru-
bin, & Sompolinsky, 1990; Palm, 2013; Rachkovskij, Kussul,
& Baidyk, 2013; Knoblauch & Palm, 2020). These studies
typically focus on randomly initialized patterns, rather than
the outputs of an optimization procedure as in sparse cod-
ing. Sparse distributed memory (Kanerva, 1988) is a math-
ematical model, originally connected to the cerebellum, that
uses random projection and thresholds in a high-dimensional
vector space to store pattern in memory. Related models

Figure 4: The equivariance of the energy function to phase
shifts enables generalization to similar yet unstored scenes.
A) Attractor points form a “ring” of equal energy, in which
patterns that are phase shifted versions of each other have
equal energy. The five images pictured have equal energy
in the space, and the background is an analogy meant to show
that there is a continuum of such points. B) This equivari-
ance property helps the attractor network denoise patterns
with slight shifts with favorable PSNR. Though these patterns
are not of identical energy, they are close enough to still allow
partial retrieval.

based on similar principles appear to be implemented in the
Drosophila olfactory circuit (Dasgupta, Stevens, & Navlakha,
2017; Kleyko & Rachkovskij, 2024). Such models can be
used as an alternative to auto-associative or hetero-associative
memories (Keeler, 1988) and the mathematical operations
bear similarities to those of transformer-based architectures in
deep learning (Bricken & Pehlevan, 2021). Finally, autoen-
coders have been used to complement or implement an asso-
ciative memory (Benna & Fusi, 2021; Sharma et al., 2022;
Radhakrishnan, Belkin, & Uhler, 2020). Sparse autoencoders
can be thought of as an approximate version of the computa-
tions we are performing here, and have been able to recover
similar properties under some cases (Bricken, Schaeffer, Ol-
shausen, & Kreiman, 2023).

A rather different approach that shares similar ambitions is
to use dense associative memories to store patterns (Krotov
& Hopfield, 2016). These models have higher capacity than
typical Hopfield networks with the additional requirements of
a greater number of parameters and computation of higher-
order (polynomial or exponential) interactions. It remains an
open question to what extent these networks can be distilled
into smaller sparse networks, which could be easier to inter-
pret and potentially closer to the wiring solutions instantiated
by biological neural networks (Krotov & Hopfield, 2021).

Many of the parameters and design choices of our two-
layer model are taken directly from neural coding motifs ob-
served in brains. These include the prevalence of population
codes with sparse neural activity, overcomplete representa-
tions (larger representation dimension relative to input), and
recurrent mechanisms that may implement and improve in-
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ference of latent variables.
However, the experimental predictions for this model differ

from the heteroassociative memory models mentioned earlier.
For example, in heteroassociative memories, the patterns in
the associative memory are chosen randomly without adapta-
tion or dependence on the data points being stored, implying
that only the heteroassociative projection weights are learned.
However, in the model considered here, the patterns stored
in associative memory are created after sensory experiences
and the resulting efficient code of it. In addition, heteroasso-
ciative models typically consist of linear projections followed
by threshold functions, whereas sparse coding and associative
memory both require recurrent inference procedures. These
mechanistic differences could lead to testable and different
predictions for regions implicated in storing episodic memo-
ries, including the hippocampus and entorhinal cortex.

The model and experiments presented here are primarily
a proof of concept that sparse coding algorithms are com-
plementary to the goals of storing patterns within an asso-
ciative memory. The relatively simple structure of this two-
layer model could be extended in several different ways to
strengthen its connections to neuroscience and usefulness for
connectionist projects. For example, one straightforward ex-
tension is to replace our one-layer sparse coding algorithm
with a hierarchical sparse coding model, to better reflect the
purported hierarchical processing of visual cortex. Such a
scheme could yield representations with even stronger forms
of sparsity or generalization. A second related direction is
to investigate the scaling of network properties with differ-
ent dimensions and larger images, which could be efficiently
implemented with convolutional variants of sparse coding al-
gorithms (Zeiler, Krishnan, Taylor, & Fergus, 2010). A third
complementary approach is to further develop the probabilis-
tic foundations of the connection between associative mem-
ory. For example, while our approach focuses on memoriz-
ing specific examples, others working on associative mem-
ory models have explored the border between memorizing
specific examples and generalizing to a distribution of re-
membered patterns (Kang & Toyoizumi, 2024; Tyulmankov,
Stachenfeld, Krotov, & Abbott, 2023; D’Amico, Rossi, del
Bono, & Negri, 2025). It would be insightful to develop fur-
ther connections with these existing lines of work, in orer
to distill hypotheses and insights about how the brain solves
similar kinds of problems.
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