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Abstract

Representation learning models, such as autoencoders (AEs),
can effectively extract meaningful and generalizable features
from natural image data. However, the learned latent features
are often mixed or distributed across all bottleneck units,
making interpretation difficult. Previous work has sought to
address this by explicitly optimizing for feature separation or
ordering.

We propose a biologically inspired progressive learning
scheme, the Developing Autoencoder (Dev-AE), which in-
crementally expands the representational capacity. Increas-
ing the size of the bottleneck layer over training epochs
forces the Dev-AE to first learn compressed, low-dimensional
representations before expanding into progressively higher-
dimensional feature spaces. Comparing the latent space or-
ganization in Dev-AEs with that in standard AEs and PCA-
initialized AEs (PCA-AE), we observe improved feature or-
dering and higher activation sparsity. Moreover, Dev-AEs
show better classification performance based on the learned
encodings, with units added in the final increment contribut-
ing the most.

Our findings indicate that an incremental latent space expan-
sion fosters ordered, sparse, and more diverse representations,
leading to more efficient use of representational capacity and
improved classification accuracy, thereby offering a promis-
ing route toward interpretable and compact encodings.

Introduction

Nonlinear representation learning models, such as autoen-
coders, have achieved remarkable success across a wide
range of machine learning tasks, demonstrating powerful
feature extraction capabilities (Hinton and Salakhutdinov
2006). However, understanding the structure of the learned
latent space remains a major challenge. In contrast to linear
methods like Principal Component Analysis (PCA), which
yield ordered and orthogonal components, the latent dimen-
sions of autoencoder-like models are often intermixed, with
information distributed across multiple units. This lack of
organization in the latent space limits our understanding of
how learned features are utilized for downstream tasks. Al-
though numerous methods have been proposed to enhance
the interpretability of such models, they often rely on ex-
plicitly enforcing statistical independence or orthogonality
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between latent features in the objective function (Burgess
etal. 2018; Ladjal, Newson, and Pham 2019). This challenge
raises the broader question of how meaningful and struc-
tured representations can emerge without imposing explicit
constraints, a question also faced by biological learning sys-
tems.

Studies in developmental neuroscience and psychology
have found that humans and animals undergo a gradual
refinement of visual perception during early development
(Cassia et al. 2002; Chandna 1991; Navon 1977). This re-
finement is accompanied by changes at the single-neuron
level, shown by a refinement of receptive fields (Malone,
Kumar, and Ringach 2007; Tschetter et al. 2018), and at
the population and columnar activity level, shown by an
increase in dimensionality and a decrease in correlation of
activity patterns (Golshani et al. 2009; Powell et al. 2025,
2024). Inspired by these observations, we hypothesize that
in a system whose latent space capacity grows incremen-
tally during training, meaningful representations can emerge
naturally. Such an incremental learning process could have
several advantages: it may facilitate more efficient learning
by initially constraining the parameter space, promote the
formation of ordered features, and enhance generalization
by encouraging low-dimensional representations in the early
stages. Additionally, a progressive increase in complexity
could lead to the emergence of more diverse features, pro-
gressing from simpler to more specialized representations
over time.

Here, we investigate whether such a developmental learn-
ing scheme can lead to a more interpretable latent space
and examine its potential functional advantages. Focusing
on autoencoder models, we initially restricted the size of the
bottleneck layer, thereby limiting the model’s ability to cap-
ture fine-grained details. Then, we systematically increased
the bottleneck size during training, allowing the model to
learn increasingly complex representations. We examined
whether this training scheme encourages more separated and
ordered feature representations than standard training meth-
ods and PCA-initialization, a method known to promote or-
dered representations (Phan et al. 2025). We tested this train-
ing procedure across two architectures and datasets: fully
connected networks (MLPs) trained on MNIST and convo-
lutional networks (CNNs) trained on CIFAR-10. In this pa-
per, we present results only for CNNs trained on CIFAR-10.



The results for the MLP experiments are qualitatively simi-
lar and are available in the supplement. Our findings demon-
strate that this incremental training scheme promotes the for-
mation of a more informative latent space, leading to im-
proved classification performance and providing a novel per-
spective on neuro-inspired, structured representation learn-
ing.

Related work

Many approaches have been proposed to enhance the in-
terpretability of AE models. A major line of work focuses
on disentanglement, aiming to learn independent factors of
variation within the latent space. Models such as the -
Variational Autoencoder (5-VAE) encourage statistical in-
dependence between latent variables, leading to more in-
terpretable and transferable representations (Burgess et al.
2018). However, while these approaches promote indepen-
dence, they do not typically impose any ordering or hierar-
chy among the latent features.

Ordered representations

A complementary direction explores ordered latent repre-
sentations, inspired by the structure of PCA. The close
connection between PCA and AE representations has long
been recognized: early work demonstrated that simple lin-
ear neural networks can perform PCA (Baldi and Hornik
1989; Bourlard and Kamp 1988; Oja 1982), and subse-
quent studies extended this relationship to nonlinear settings
(Scholz 2002). These PCA-like approaches indeed improved
the organization of AE latent spaces. For instance, nested
dropout has been shown to induce ordered representations
in autoencoders, achieving a form of equivalence with PCA
and enabling faster data retrieval using optimized encod-
ings (Rippel, Gelbart, and Adams 2014). Moreover, PCA-
based weight initialization of autoencoders has been found
to improve convergence time and downstream classification
compared to random initialization (Al-Digeil et al. 2022;
Phan et al. 2025; Seuret et al. 2017). Our work builds on
these insights but takes a different approach. Rather than
using initialization techniques or objective-level constraints,
we investigate how structured, ordered representations can
emerge naturally with a neuroscience-inspired training pro-
cedure. In contrast to prior “PCA-like” autoencoders (Lad-
jal, Newson, and Pham 2019), we allow all existing connec-
tions to remain plastic as new units are added, enabling the
latent representation to evolve dynamically. Unlike meth-
ods that retrain separate encoders for each latent dimension
(Pham, Ladjal, and Newson 2022) or explicitly sort units by
activity (Bertens 2016), our framework maintains a unified
network and examines the emergent ordering induced purely
by gradual representational growth.

Neurogenesis in ANNs

Neurogenesis describes the biological process by which
the brain generates new functional neurons, occurring pri-
marily during development and also in adulthood. It has
been observed in various species and different brain regions
(Chapouton, Jagasia, and Bally-Cuif 2007; Eriksson et al.

1998; Kaslin, Ganz, and Brand 2008). Our approach, which
incrementally expands the latent space during training, can
be viewed as a form of artificial neurogenesis, where new
computational units in artificial neural networks are progres-
sively added. The idea of dynamically growing architectures
dates back to the 1980s (Ash 1989; Fahlman and Lebiere
1989) and has since reappeared in modern deep learning,
where adaptive network growth has been applied to improve
capacity and performance in supervised settings (Appoli-
nary et al. 2024; Evci et al. 2022; Mitchell et al. 2024).
Nevertheless, neurogenesis in deep neural networks remains
underexplored compared to the far more established litera-
ture on neuron removal and pruning strategies (Laakom et al.
2022; Maile et al. 2022).

Parallel lines of research have examined developmental
learning curricula, where hierarchical, coarse-to-fine label
structures or dynamic expansion of network units facilitate
continual learning and generalization (Bengio et al. 2009;
Draelos et al. 2017; Stretcu et al. 2021; Vogelsang et al.
2018; Yoon et al. 2018). However, these approaches typi-
cally depend on externally structured data schedules or su-
pervision to guide learning progression. In contrast, our
method uses a self-supervised feature learning approach,
maintaining a consistent input distribution and objective
throughout training. Rather than enforcing structural or loss-
based constraints, as in approaches such as Kusupati et al.
(2022), we demonstrate that ordered, increasingly structured
latent representations can emerge solely through incremen-
tal architectural expansion.

Emerging sparsity

Our training framework also yields sparse representations,
consistent with the principle of sparse coding, in which in-
formation is captured by the activity of only a small subset
of neurons (Olshausen and Field 1996; Ranzato, Boureau,
and Cun 2007). Sparse coding has been viewed as a hall-
mark of biological neural systems, in which sensory cortices
efficiently encode stimuli through selective, energy-saving
activation patterns (Vinje and Gallant 2000). Such sparsity
reduces metabolic cost and interference while enhancing
memory capacity by engaging only task-relevant neurons.
While prior work has often achieved these benefits by ex-
plicitly enforcing sparsity (Geadah et al. 2024; Makhzani
and Frey 2014), our model produces sparsity as an emergent

property.
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Figure 1: Schematics of a Developing Autoencoder. Train-
ing process of a Developing Autoencoder. The model is ini-
tialized with a small latent space h?, which progressively
grows to k¥ throughout its training.




Methods
Developing Autoencoder

Building upon standard Autoencoders (AEs), we propose a
novel training procedure that reflects the gradual expansion
of representational capacity during development. The bottle-
neck size of the Dev-AE increases incrementally over train-
ing epochs (Fig. 1). When new bottleneck units are inserted
into the network, new weights connecting these units to the
encoder and decoder are drawn from a Gaussian distribution.
To summarize:

1. Preservation of existing weights:

w™ = for i=1,..,N® (1)

3

(

where wit) denotes the weight at index ¢ at epoch t.

2. Initialization of new weights:

w™™ =n; for N® <i< NO+HD,

2
where  n; ~ N (u(w®), o(w®)) @)
In this way, we can prevent a complete disruption of the
existing network structure and thus avoid catastrophic for-
getting. Meanwhile, previously learned weights can be fur-
ther adjusted with added noise to the new weights, helping
prevent redundant connectivity paths in the network. For a
given bottleneck size, all weights are trained until conver-
gence (training loss decrease is less than 0.1%), before the
bottleneck size is increased by a certain percentage of the
existing size.

Implementation: AE As a baseline control to Dev-AEs,
we implemented AEs using PyTorch (Paszke et al. 2019)!.
To demonstrate the transferability of our results, we used
two different AE architectures trained on different datasets:
an MLP with 3 fully connected encoder layers and 3 fully
connected decoder layers, trained on the MNIST dataset,
and a CNN with 5 convolutional encoder layers and 5 con-
volutional decoder layers, trained on the CIFAR-10 dataset.
The dataset was split into a training set (4/6), a validation set
(1/6), and a test set (1/6). All hidden layers used ReLU ac-
tivation functions. The models were trained using stochastic
gradient descent (SGD) with a batch size of 128 and a learn-
ing rate of 0.1 (tuned via grid search). Backpropagation was
used for gradient calculation. We repeated experiments over
40 randomly initialized models. We include only the results
of CNNs trained on the higher-dimensional, multi-colored
CIFAR-10 dataset, due to space constraints. Qualitatively
similar results were observed with the MLP architecture on
MNIST and are available in the supplement.

Implementation: Dev-AE In all Dev-AE experiments
presented here, we used the same architecture as AE con-
trols. The bottleneck began with 6 units and was increased
by approximately 70% at each growth stage, providing a
practical balance between training speed and performance.
This choice, however, did not qualitatively affect the results.

"https://github.com/davidvgr/developing-autoencoders

Specifically, the developmental autoencoder expanded its
bottleneck sequentially from 6 (6 epochs) — 10 (6 epochs)
— 17 (7 epochs) — 29 (7 epochs) — 50 (8 epochs) — 85 (8
epochs) — 128 units (18 epochs). In total, each Dev-AE was
trained for 60 epochs. In contrast, the standard autoencoder
maintained a fixed bottleneck size of 128 and was trained for
60 epochs. While the number of neurons in the bottleneck
provides an upper-bound of the possible dimensionality of
the latent space, we explicitly estimated the intrinsic dimen-
sionality of the bottleneck neuron activities by the nonlinear
TwoNN method (Facco et al. 2017).

PCA-Autoencoder

While the standard AE serves as a baseline for analyzing
similarities and differences arising from incremental bottle-
neck expansion, we also aimed to examine whether similar
effects occur in a simpler, more easily implemented architec-
ture. For this, we used a PCA-initialized autoencoder (PCA-
AE). The PCA-AE builds on the same fixed bottleneck AE
architecture but differs in the encoder’s final layer and its
training (Phan et al. 2025). We implemented the PCA-AE
by initializing a regular AE, feeding training data through
the model, and collecting the feature activations entering the
final encoding layer. We then performed PCA with n com-
ponents equal to the latent dimension. The PCA components
were then set to the weights (1) of the encoder’s last layer,
and the bias was set to — W i, where i is the mean of the fea-
tures, for centering. During the first 20 training epochs, the
encoder’s final layer remained frozen, and the optimizer was
updated only with the parameters of all other layers (Ir=0.1).
For the remaining 40 epochs, the layer was unfrozen, and its
parameters were added to the optimizer.

Dimensionality

To validate whether incremental increases in the bottleneck
size yield meaningful representational expansion, we esti-
mated the intrinsic dimensionality of the bottleneck activa-
tions. We employed the Two Nearest Neighbors (TwoNN)
estimator (Facco et al. 2017), which infers intrinsic dimen-
sionality from local distance statistics. For each data point,
TwoNN computes the ratio between the distances to its first
and second nearest neighbors and fits the empirical distribu-
tion of these ratios to a theoretical model, providing an esti-
mate of the underlying manifold dimensionality. We applied
this method to the bottleneck activations of the test set.

Receptive fields

We defined the receptive field of a neuron as the input image
that maximally activated that neuron. In our trained AEs and
Dev-AEs, the receptive fields of the bottleneck layer units
were estimated using the ’Activity Maximization’ toolbox
(Yosinski et al. 2015). We first initialized the input to a ran-
dom image across all three color channels and then itera-
tively maximized the activation of a single bottleneck unit
by performing gradient ascent on the input image with Lo
regularization.

We computed the power spectra by taking the 2D Fourier
transform of the gray-scaled receptive fields and angularly
averaging their squared moduli in the frequency domain.



We estimated the color bias of the neurons based on their
receptive field structure. For this, we computed the Jensen-
Shannon Divergence (JSD) across the distributions of values
for each color channel (red, green, blue). A high JSD would
indicate a stronger bias towards certain colors, to which the
neurons would respond maximally. A low JSD would show
low color selectivity and more color-invariant features.

Stability

To quantify how receptive fields of bottleneck neurons
change over training, we computed the unsigned angular dis-
tance between each neuron’s receptive field after each train-
ing epoch and its receptive field in the final epoch.

Input perturbations

To better understand the learned representations, we added
different types of noise to the input images and tested how
these noises affect the model encodings (as measured by the
activity of the bottleneck units).

PC noise To identify how changes in input affect the en-
coding of each neuron group, we added noise to different
input Principal Components (PCs) and assessed the activa-
tion in bottleneck units. We first computed PCs of all input
images and then added Gaussian noise to selected groups of
PCs. The PC group sizes matched the sizes in which bot-
tleneck neurons were introduced during training of the Dev-
AE. The noisy PCs were then transformed back into the orig-
inal image space using the inverse PCA transform. Finally,
we passed these noisy images to the encoder network and
computed the change in activation compared to the origi-
nal images for each bottleneck unit. We ranked the activa-
tion difference between PC groups, and this rank served as a
measure of the unit’s relative sensitivity to the manipulated
PC group.

Frequency noise To assess the model’s encoding robust-
ness to input noise at different spatial frequencies, we eval-
vated classification accuracy after adding low- or high-
frequency noise to the input images. A 10-class logistic re-
gression classifier was trained on bottleneck-layer encodings
to predict the class labels of the input images. We generated
band-pass noise patterns by first performing a Fourier trans-
form on a white noise image. A band-pass filter was then
applied to isolate specific frequency ranges (defined by spec-
tral diameter): ranges [0, 3] for low-frequency noise, [4, 7]
for medium-frequency noise, and [8, 16] for high-frequency
noise. An inverse Fourier transform was performed to gen-
erate the corresponding noise in the spatial domain, which
was then added to the input images. To ensure a fair com-
parison, each noise image was normalized to have the same
Lo norm before being added to the original image. This al-
lowed us to isolate the effect of different spatial frequencies
on the model’s performance.

Classification

To assess how well the encodings of the noisy images can
be classified, a logistic regression classifier was trained on
each model’s encodings of clean input data. The classifier

yielded classification accuracies for clean images (control)
and for low-, medium-, and high-frequency noise. A two-
tailed, paired-samples t-test was then used to assess the sig-
nificance of the difference in accuracy between the AE and
Dev-AE. We computed the absolute weights of the classifier
and averaged them across all classes for each neuron, these
averages were then normalized by their L; norm. These val-
ues represent the importance of each neuron for classifica-
tion.

Sparsity

To measure sparsity, the activations of the neurons in the
bottleneck were measured as the test set was passed through.
Specifically, we assessed two metrics: the percentage of im-
ages that left each neuron inactive (which we then aggre-
gated by neuron group), and the total number of inactive
neurons per individual image. Because the bottleneck con-
sists of linear units without an immediately following ReLLU
activation, which is applied only after the subsequent reshap-
ing step, the latent units do not naturally output exact zeros.
Therefore, a neuron was considered inactive for a specific
image if its absolute activation was less than 1% of the high-
est absolute activation of all neurons for that image.

Results
Dev-AE training

During training, the loss of standard AE models decreased
rapidly, converging after approximately 50 epochs. PCA-
initialized AEs showed a similar trend, with an even faster
initial decrease of loss (Fig. 2A). The Dev-AE showed a sim-
ilar rapid initial decline in loss, reaching early convergence
with a small bottleneck, but continued to improve when new
units were added (Fig. 2A). Both models were trained for
the same total number of epochs, and achieved comparable
image reconstruction performance at the final epoch (Fig.
2A, C). To verify that our developmental training procedure
indeed leads to a gradual expansion of representational ca-
pacity, we quantified the dimensionality of bottleneck acti-
vations over training epochs. The Dev-AE showed a steady
increase in dimensionality across training epochs and even-
tually reached a higher dimensionality than that of standard
AEs and PCA-AEs (Fig. 2B). These results confirm that the
incremental training scheme enables a progressive expan-
sion of representational capacity without compromising re-
construction quality.

Receptive field structure

To characterize the representational structure of the latent
space, we first analyzed the receptive fields of units in the
bottleneck layer. In the standard AE, these receptive fields
showed similar frequency spectra across units, indicating
a largely homogeneous representation (Fig. 3A, B). How-
ever, in the Dev-AE, the receptive fields were organized
in a hierarchy: bottleneck units added earlier to the net-
work were tuned to coarse, low-frequency image features,
whereas later-added units appeared to detect more fine-
scale structures in the input images (Fig. 3A, B). PCA-AEs
showed a mild frequency ordering, though less pronounced
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Figure 2: All models reach comparable performance and
latent space dimensionality after training convergence. A)
Training and validation loss over training epochs. Upon con-
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area shows the mean = standard deviation. B) Intrinsic di-
mensionality (Facco et al. 2017) throughout the training pro-
cess in the bottleneck layer. C) Representative examples of
original images and their reconstructions.

than in the Dev-AE. In general, the receptive fields contin-
uously changed over training epochs, but later added bottle-
neck units did not significantly disrupt earlier ones (Fig. 4).
Thus, the structure of the earlier learned receptive fields re-
mained relatively stable during training and robust against
newly added latent units, and as a consequence, receptive
fields were ordered by the time of insertion into the net-
work. Moreover, AE and PCA-AE receptive fields exhibited
a strong bias towards a certain color (Fig. 3D), while re-
ceptive fields of the Dev-AE had smaller and more equally
distributed values over the three color channels (Fig. 3C).
These results indicate that the incremental training scheme
fosters a more ordered and diverse latent representation that
captures different image features.

Coding

To examine how the learned ordered representation in the
Dev-AE influences information coding, we analyzed the
contribution of individual bottleneck units to the encoding
of the input data. We added noise to selected subsets of im-
age PCs and measured its effect on bottleneck activations. In
Dev-AEs, noise added to the first few image PCs predomi-
nantly affected units added early in training, whereas noise
applied to later PCs primarily influenced units inserted at
later stages (Fig. SA). Consistent with our receptive fields
analysis above, this result suggests that an intrinsic order-
ing emerges in Dev-AE bottleneck units: earlier units learn
components with larger input variance, and later units learn
subsequent components that explain smaller input variance.
Accordingly, the Dev-AE exhibited a clear alignment be-
tween its latent units and the principal components of the
input data. In contrast, standard AEs showed no such struc-
ture, with PC-dependent noise affecting bottleneck activa-
tions more uniformly, and PCA-AEs displayed only weak
alignment compared to the Dev-AE (Fig. 5A). Next, we
evaluated how efficiently the learned latent representations
support downstream classification. Encodings from the Dev-

AE achieved higher classification accuracy than those from
the standard AE or the PCA-AE (Fig. 5B). When input im-
ages were corrupted with noise at varying spatial frequen-
cies, performance decreased in all models, yet the Dev-AE
remained markedly more robust to noise of low and high
frequency ranges, but not for medium frequency noise (Fig.
5B). These results suggest that different classes are better
separated in Dev-AE latent space without being specifically
optimized for classification. We then looked into which bot-
tleneck units were more important for classification by com-
paring the L; normalized weights of the linear classifier. We
found that in Dev-AEs, later neuron groups were heavily
weighted, a phenomenon not shown in standard AEs and less
so in PCA-AEs (Fig. 5C). Our findings suggest that in Dev-
AE:s, latent units are specialized and ordered in their coding
functions, with earlier units encoding large-variance compo-
nents (important for reconstruction) and later units encoding
fine features (important for classification).

Sparsity

To assess how the developmental training paradigm affects
bottleneck unit activity, we quantified the sparsity of the la-
tent representations by measuring the proportion of input
images that do not activate a neuron and the count of in-
active bottleneck neurons per image. In Dev-AEs, earlier
neuron groups had a lower percentage of non-active neu-
rons, and later neuron groups tended to be more silent (Fig.
6A). Overall, the Dev-AE bottleneck produced sparser ac-
tivations than those of standard AE and PCA-AE, consis-
tent with more efficient, biologically plausible coding (Fig.
6B). Neurons in the Dev-AE bottleneck exhibited a gradi-
ent in sparsity levels between early and late units. These ob-
servations suggest that incremental expansion gives rise to
a sparse coding scheme reminiscent of the efficient coding
observed in biological neural systems.

Discussion

In this work, we demonstrate that an incremental increase
in latent dimensionality during unsupervised learning facil-
itates the formation of disentangled, rank-ordered represen-
tations, in which different groups of bottleneck neurons en-
code distinct aspects of the input features, leading to im-
proved performance in classification tasks. Our findings are
in line with previous studies showing that imposing con-
straints during training can be beneficial for learning well-
structured and informative latent codes (Bertens 2016; Lad-
jal, Newson, and Pham 2019; Rippel, Gelbart, and Adams
2014). While the specific nature of the constraints may vary
across approaches, our results reinforce the general princi-
ple that early restrictions can dynamically guide the learning
process towards more desirable representational properties.

Unlike the hierarchical organization observed in CNNs,
where a progression from simple receptive fields to more
complex features emerges across successive layers during
training (Zeiler and Fergus 2013), our Dev-AE exhibits an
ordered latent code of global and local features within the
same layer, providing insights into how receptive fields can
be organized within a single layer. Specifically, our results
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suggest that a dynamic relaxation of constraints, imple-
mented by progressively increasing the representational ca-
pacity of the latent space, plays a critical role in guiding this
organization, allowing for the simultaneous representation
of both large and small spatial scales within the same level
of the hierarchy.

The emerging specialization of latent units in the Dev-AE
enhances downstream class separability while maintaining
robustness to input noise, demonstrating that capacity ex-
pansion during learning can yield representations that are
more compact, interpretable, and structured. Importantly,
the observed increasing sparsity across subsequently added
groups of latent units suggests an emergent coding hierarchy
that mirrors principles of efficient and energy-conserving
representation found in biological systems (Olshausen and
Field 1996; Vinje and Gallant 2000). Early units, with higher
activity and broader receptive fields, provide a coarse yet sta-
ble encoding backbone, while later, sparser units refine the
representation through selective activation. This pattern im-
plies that gradual capacity increases do not merely expand
representational space but actively shape how information is
distributed and utilized within it.

This gradual increase in bottleneck capacity may also
serve as a mechanism for estimating the dataset’s intrinsic
dimensionality (Pope et al. 2021). By progressively increas-
ing the size of the bottleneck, the optimal capacity can be de-
termined at which the reconstruction error shows no further
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significant improvement (Ho, Zhao, and Wandelt 2025). By
starting with a low-dimensional representation that captures
only the most salient features, the model is initially con-
strained to avoid overfitting the training data, particularly in
the early stages when the model is learning the coarse statis-
tics of the input. As dimensionality increases, the model can
incorporate finer-grained details and nuances in the data. We
show that such strategy can lead to the development of a
more robust and generalizable code that is less susceptible
to noise and variations in the input, effectively guiding the
model to form informative latent representations.

In comparison to previous work on autoencoders (Lad-
jal, Newson, and Pham 2019), we found that it was not nec-
essary to introduce strict constraints on the network (e.g.,
keep the weights of previous units fixed when adding new la-
tent axes or impose regularization or additional loss terms).
Our work provides evidence that learned latent features are
not perturbed much when progressively increasing the bot-
tleneck capacity. Lastly, our results indicate that the incre-
mental increase of units within the bottleneck layer facili-
tates higher sparsity in the learned features, enabling bet-
ter classification performance of the encodings. Future work
could explore strategies for determining optimal scheduling

of growth stages during learning, as well as on dynamic ca-
pacity adjustments across other layers (Maile et al. 2022;
Mitchell et al. 2024).

Overall, our work contributes to ongoing research on in-
terpretable representation learning and proposes a compar-
atively simple, biologically inspired mechanism for creat-
ing informed latent spaces in autoencoder models by incre-
mentally expanding their representational capacity. This ap-
proach reveals the benefits of incorporating ideas from de-
velopmental biology into neuro-inspired artificial neural net-
work architectures.
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Figure 6: Sparsity of bottleneck neural activation. A) The
mean percentage of images not triggering a response for
units in each neuron group. Late units of the Dev-AE show
higher sparsity. Mean and standard deviation are shown
across all model initializations. B) Distribution of inactive
neurons per image. The histogram shows the frequency of
images that yield a specific count of inactive neurons. Neu-
rons in the Dev-AE show higher sparsity, with a distribu-
tion centered around 23 inactive neurons. In contrast, the AE
and PCA-AE models show much lower inactivity, peaking at
approximately 3 and 6 inactive neurons per image, respec-
tively.
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Figure 7: Performance and training dynamics of MLP models on MNIST. Both standard AE and Dev-AE models reach compa-
rable final performance and latent space dimensionality upon convergence. A) Training and validation loss over training epochs.
B) Intrinsic dimensionality (Facco et al. 2017) throughout the training process. C) Representative examples of original images
and their reconstructions. These trends align with observations from CNN models trained on CIFAR-10 (Fig. 2).
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Figure 8: Power spectra of receptive fields for AE and Dev-AE (MNIST). Plots display the spectral properties of receptive
fields for AE (left) and Dev-AE (right). While distinct neuron groups show spectral separation in Dev-AEs, the effect is less
pronounced compared to the more complex CIFAR-10 dataset (Fig. 3B).
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Figure 9: Classification accuracy and feature importance in MLP models (MNIST). A) Classification accuracy across fre-
quencies. The Dev-AE models demonstrate a small but statistically significant accuracy advantage across all frequencies. B)
Contribution of neuron groups to classification decisions. While AE models rely equally on all groups, Dev-AE models show
higher importance in early neuron groups. Note that this trend opposes that of CNNs on CIFAR-10, where later groups domi-
nate (Fig. 5C).



