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Abstract

Deep predictive models of neuronal activity have recently enabled several new
discoveries about the selectivity and invariance of neurons in the visual cortex.
These models learn a shared set of nonlinear basis functions, which are linearly
combined via a learned weight vector to represent a neuron’s function. Such weight
vectors, which can be thought as embeddings of neuronal function, have been
proposed to define functional cell types via unsupervised clustering. However, as
deep models are usually highly overparameterized, the learning problem is unlikely
to have a unique solution, which raises the question if such embeddings can be
used in a meaningful way for downstream analysis. In this paper, we investigate
how stable neuronal embeddings are with respect to changes in model architecture
and initialization. We find that L1 regularization to be an important ingredient
for structured embeddings and develop an adaptive regularization that adjusts the
strength of regularization per neuron. This regularization improves both predictive
performance and how consistently neuronal embeddings cluster across model
fits compared to uniform regularization. To overcome overparametrization, we
propose an iterative feature pruning strategy which reduces the dimensionality of
performance-optimized models by half without loss of performance and improves
the consistency of neuronal embeddings with respect to clustering neurons. Our
results suggest that to achieve an objective taxonomy of cell types or a compact
representation of the functional landscape, we need novel architectures or learning
techniques that improve identifiability. The code is available https://github.
com/pollytur/readout_reproducibility.

1 Introduction

One central idea in neuroscience is that neurons cluster into distinct cell types defined by anatomical,
genetic, electrophysiological or functional properties of single cells [23, 49, 54, 59, 69, 70]. Defining
a unified taxonomy of cell types across these different descriptive properties is an active area of
research. The functional properties of neurons, i. e. which computations they implement on the
sensory input, constitute an important dimension along which cell types should manifest. However,
each neuron’s function is a complex object, mapping from a high-dimensional sensory input to
the output of the neuron. Classical work in neuroscience has described neuronal function by a
few parameters such as tuning to orientation, spatial frequency, or phase invariance [1, 2, 5, 8, 9,
13, 25, 40]. However, when considering neurons from higher visual areas, deeper into the brain’s
processing network, neuronal functions become more complex and not easily described by few
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manually picked parameters. In addition, recent work in the mouse visual cortex demonstrated
that even in early areas, neuronal functional properties are not necessarily well-described by simple
properties such as orientation [47, 71]. One possible avenue to address these challenges is to use
functional representations learned by data-driven deep networks [36, 37, 39, 44] trained to predict
neuronal responses from sensory inputs. The central design element of these networks is a split into
a core– a common feature representation shared across neurons, and a neuron speci�creadout–
typically a linear layer with a �nal nonlinearity (see Fig. 1). These networks are state-of-the-art in
predicting neuronal responses on arbitrary visual input, and several studies have used these networks
as “digital twins” to identify novel functional properties and experimentally verify themin vivo [37,
47, 57, 58, 67, 68]. Because readout weights determine a compact representation of a neuron's input-
output mapping, they can serve as an embedding of a neuron's function. Such embeddings could be
used to describe the functional landscape of neurons or obtain cell types via unsupervised clustering
[59]. However, because the feature representations provided by the core are likely overcomplete,
there will be many readout vectors that represent approximately the same neuronal function. Thus, it
is not clear how identi�able functional cell types are based on clustering these embeddings. Moreover,
since early data-driven networks [22, 28] there have been several advances in readout [48, 51, 65] and
network architecture [33, 36, 56, 67] to decrease the number of per-neuron parameters, incorporate
additional signals such as behavior and eye movements, or add speci�c inductive biases, such as
rotation equivariance. Currently, there is no study systematically investigating the impact of these
architectural choices on the robustness and the consistency of embedding-based clustering.

Here we address this question by quantifying how consistent the models are across several �ts with
different seeds. We measure consistency by (1) adjusted rand index (ARI) of clustering partitions
across models, (2) correlations of predicted responses across models, and (3) consistency of tuning
indexes describing known nonlinear functional properties of visual neurons. Our contributions are:

• We show thatL 1 regularization, used in early models [28, 59], is instrumental in obtaining a
structured clustering when using embeddings of newer readout mechanisms [51].

• We introduce a new adaptive regularization scheme, which improves consistency of learned neuron
embeddings while maintaining close to the state-of-the-art predictive performance.

• We address the identi�ability problem by proposing an iterative feature pruning strategy which
reduces the dimensionality of performance-optimized models by half without loss of performance
and improves the consistency of neuronal embeddings.

• We show that even though our innovations improve the consistency of clustering neurons, older
readout mechanisms [28] reproduce neuronal tuning properties more consistently across models.

Our results suggest that to achieve an objective taxonomy of cell types or a compact representa-
tion of the functional landscape, we need novel architectures or learning techniques that improve
identi�ability while preserving neuronal functional properties.

2 Background and related work

Predictive models for visual cortex. Starting with the work of Antolík et al. [22], a number of deep
predictive models for neuronal population responses to natural images have been proposed. These
models capture the stimulus-response function of a population of neurons by learning a nonlinear
feature space shared by all neurons (Fig. 1A; the “core”), typically implemented by a convolutional
neural network [26, 28, 51], sometimes including recurrence [36, 55]. The core can be pretrained
and shared across datasets [67]; it forms a set of basis functions spanning the space of all neuron's
input-output function. The second part of these model architectures is the “readout”: it linearly
combines the core's features using a set of neuron-speci�c weights.

As the dimensionality of the core's features is quite high (height� width � feature channels), several
different ways have been proposed to constrain and regularize the readout, accounting to the fact
that neurons do not see the whole stimuli but rather focus on a small receptive �eld (RF). Initially,
Klindt et al. [28] proposed a factorization across space (RF location) and features (function) (Fig. 1A;
“Factorized readout”). This approach required relatively strongL 1 regularization to constrain the RF.
More recently, Lurz et al. [51] further simpli�ed the problem by learning only an(x; y) coordinate,
representing the mean of a Gaussian for the receptive �eld location, as well as a vector of feature
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Figure 1:A. Model architecture: The models used in our study are separated into a core learning a
non-linear feature representation shared across neurons, and a neuron speci�c linear readout. In our
case, the core is a rotation-equivariant core, i.e. each learnt featuref is analytically rotatedn times by
360=n degrees, resulting inf � n output channels. We apply batch norm on the learnt feature channels
f only and do not learn scale and bias parameters in the core's last layer, as this would interfere with
the readout regularization. Two commonly used linear readouts are factorized and Gaussian readout.
The factorized readout learns spatial weights accounting for neuron's receptive �eld position and
feature weightings – the neural embeddings. The Gaussian readout replaced the spatial weights by
sampling receptive �eld positions from a Gaussian and at inference time samples the Gaussian's
mean.B. Readout alignment: To yield rotation invariant neural embedding clusters, we align the
orientations of the embedding vectors by cyclically rotating the elements in the embedding vectors
to minimize the sum of pairwise distances between the rotated embeddings [46].C. Our pipeline:
For each model architecture and training con�guration we train 3 models with different parameter
initialization seeds. We orientation-align their embeddings, cluster them, and eventually compute all
model pair-wise ARIs.

weights (Fig. 1A; “Gaussian readout”). This removed the necessity for strongL 1 regularization.
Current state-of-the-art models use Gaussian readout with weak or no regularization [60, 64, 67].

Functional properties. Previous work veri�ed these model in vivo [37, 47, 58, 67, 68]. There is
a long history of work investigating neuronal functional properties experimentally, beginning with
Hubel and Wiesel (1962) [1] who showed bar stimuli to cats and found that many neurons in V1 are
orientation selective. Since then, a number of studies showed that many V1 neurons are – in a linear
model approximation – optimally driven by a Gabor stimulus of speci�c orientation, size, spatial
frequency, and phase [6, 20, 32, 40]. Later, non-linear phenomena were investigated, such as surround
suppression and cross-orientation inhibition. Neurons that are surround suppressed can be driven
by stimulating their receptive �eld, while an additional stimulation of their surround reduces neural
activity. Interestingly, only stimulating the surround would not elicit a response. Cross-orientation
inhibition reduces neural activity of some neurons if a neuron's optimal Gabor stimulus is linearly
combined with a 90 degrees rotated version of that Gabor stimulus, forming a plaid [3, 5, 7, 8, 10, 14,
17]. Recently, such experiments were performed in silico with neural predictive models, allowing for
large-scale analysis of neuron's tuning properties without experimental limitations [53, 59].

Network pruning. While modern deep neural networks are typically highly overparameterized, as
this simpli�es optimization [38, 50, 52], overparametrization poses a problem for reproducibility of
neural embeddings: model training might end in various local optima that leads to different neuronal
representations even if model outputs and predictive performance are similar. Prior work has shown
that learned deep neural networks can be pruned substantially: Frankle and Carbin [34] showed

3



that up to 80% of weights can be removed without sacri�cing model performance. Further work
investigated various pruning strategies. For instance Li et al. [29] pruned CNN channels based on
their L 1 norm, Luo and Wu [30] used entropy as the pruning criteria, and various other criteria were
studied [24, 27, 31]. Interestingly, a later study showed that model performance is relatively robust
against the speci�c pruning strategy used [35].

3 Data and model architecture

Data. We used the data from the NeurIPS 2022 Sensorium Competition for our study [60]. This
dataset contains responses of primary visual cortex (V1) neurons to gray-scale natural images of
seven mice, recorded using two-photon calcium imaging. In addition the mice's running speed, pupil
center positions, pupil dilation and its time-derivative were recorded.

Model architecture. Our model (Fig. 1) builds upon the baseline model from the NeurIPS 2022
Sensorium competition [60]. Similar as the baseline model, our model includes theshifter sub-
network [36] to account for eye movements and correct the resulting receptive �eld displacement. We
also concatenate the remaining behavioral variables to the stimuli as the input to the model [56, 60].
For the model core, we use a rotation-equivariant convolutional neural network, roughly following
earlier work [33, 46, 59]. Compared to this prior line of work, our model includes an additional
convolutional layer (as the dataset is larger). It consists of four layers with �lter sizes 13, 5, 5, and 5
pixels. In all layers, we use sixteen channels and eight rotations for each of the channels, which results
in 128-dimensional neuronal embeddings. The details of model and training con�g are provided in
Appendix A.1. For the readout, we use both the factorized readout and the Gaussian readout (Fig. 1A).
The factorized readout has been used in prior work on functional cell types [46, 59]. As it does not
support the shifter network, this version of the model cannot account for eye movements.

4 Methods

Training. Following prior work [28, 33, 36, 47, 53, 58, 60, 64, 66], we trained the model minimizing
the Poisson lossL p = N � 1 P N

i =1 (r̂ ( i ) � r ( i ) log r̂ ( i ) ) between predicted̂r ( i ) and observedr ( i ) spike
counts for alli = 1 ; :::; N neurons, as it is oftentimes assumed that neuron's �ring rates follow
a Poisson process [15]. For factorized readouts we add aL 1 regularization of the readout mask
and embeddings to the loss, i.e.L 1 =

P N
i =0 
 (

P mask
i;j jmij j +

P embedding
k jwk j) for spatial mask

m, embeddingw, and regularization coef�cient
 , in line with previous work [28, 33, 39, 46,
53, 59]. As the Gaussian readout selects one spatial position, theL 1 penalty term reduces to
L 1 =

P N
i =0 


P embedding
k jwk j. Thus, for both models the total loss becomesLoss = L p + L 1. For

thefactorizedreadout
 is typically chosen to maximize performance (Fig. 6), while the choice of

for Gaussianreadouts is the subject of this paper.

Evaluation of model performance. Following earlier work [21, 33, 36, 47, 53, 60, 64, 66],
we report model's predictive performance using Pearson correlation between each measured and
predicted neural activity pair across images on the test set.

Evaluation of embedding consistency. Assessing how “consistent” neuronal embeddings are
across model architectures and initializations is a non-trivial question. They will naturally differ
across runs in absolute terms, because core and readout are learned jointly. In the context of
identifying cell types, we are interested in the relative organization of the embedding space: Will
the same sets of neurons consistently cluster in embedding space? To address this question, we use
clustering and evaluate how frequently pairs of neurons end up in the same group by computing the
adjusted rand index (ARI, [4]). The ARI quanti�es the similarity of two cluster assignmentsX and
Y :
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Here,ai is the number of data points in clusteri of partitionX , bj is the number of data points in
clusterj of partitionY , nij is the number of data points in clustersi andj of partitionX andY ,
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respectively, andn is the total number of data points. The ARI is invariant under permutations of the
cluster labels. It is one if and only if the two partitions match exactly. It is zero when the agreement
between the two partitions is as good as expected by chance and, hence, can be negative [61].

For clustering, we follow the rotation-invariant clustering procedure (Fig. 1B) introduced by
Ustyuzhaninov et al. [46] and then cluster the aligned embeddings with k means. As we do not know
the true underlying number of clusters, we explore a range ofk = 5 up tok = 100 clusters, which
covers the typical amount of cell types suggested in various works and modalities [41, 42, 45, 59].

To visualize the neuronal embeddings, we use t-SNE [16] using the recommendations of Kobak and
Berens [43]. We use a perplexity given by 1% of the size of the dataset and set early exaggeration to
15. To avoid visual clutter, we plot a randomly sampled subset of 2,000 neurons from each of the seven
animals in the dataset. We use the same neurons across all ARI experiments and t-SNE visualizations.
The results do not depend on the speci�c cluster consistency metric used (see Appendix A.9). We
assessed the credibility of t-SNE visualizations in Appendix A.10.

Neuronal tuning properties. Unlike the embeddings, which were not yet biologically validated,
the predicted activity from our models has been consistently veri�ed in vivo across several studies
[47, 58, 59, 68]. By focusing on predicted activity, we leverage the stability and biological relevance
of these outputs and relate our �ndings to real-world scenarios. Speci�cally, we investigated the
predicted neural activity to parametric, arti�cial stimuli that are known to yield interesting phenomena
and were used extensively in biological experiments (see Section 2).

To quantify neuron's tuning properties, forphase or orientation tuning, we use the parameters of the
optimal Gabor and change only the phase or orientation to create a set of new Gabors. We feed this
set of stimuli through the model and �t sinusoidal functions to the stimulated response curve, namely
f (� ) = A sin(� + � ) + B for the phase sweep. For the orientation sweep, rotating the Gabor-based
stimuli by 180-degrees will lead the same stimulus, accounted for by the additional factor of two
when �tting f (� ) = A sin(2� + � ) + B to the stimulated responses. We de�ne the corresponding
tuning indices as the ratio of the �tted amplitudeA to the meanB of the curve.

Forcross-orientation inhibitionwe added an optimal Gabor and its orthogonal copy and stimulated the
tuning curve by varying the contrast of the orthogonal Gabor. Analogically, forsurround suppression
we varied the size and the contrast of a grating based on the optimal Gabor's parameters. To
quantify both indices, we followed [11, 53] and saved the highest model predictionr̂ max . Next, we
computed the according tuning indices as1 � r̂ supp =r̂ max , wherer̂ supp corresponds to the highest
suppression/inhibition observed. See Appendix Section A.2 for parameter details.

We compute tuning index consistency across three trained models only differing in their parameter
initialisation before �tting. Speci�cally, we compare their similarity by the normalized mean absolute
error NMAE (x; y) =

P neurons
i (( jx i � yi j)=(jx i � �xj)) wherex andy are tuning indices for

different model �ts and�x denotes the mean across neurons.

Optimal Gabor search. All tuning properties investigated in our paper are based on optimal Gabor
parameters. Previous work [33, 53, 59] brute-force searched the optimal stimulus. Since their models
relied on the factorized readout which could integrate over multiple spatial input positions, they
had to show Gabor stimuli of various properties at all spatial input positions. Thus, they needed to
iterate through millions of arti�cially generated Gabor stimuli for each neuron. Here, we introduce
a technical improvement upon their work signi�cantly speeding up the optimal Gabor search for
Gaussian readouts: as this readout type selects only one spatial position per neuron it is suf�cient
to limit the presented stimulus canvas size to the model's receptive �eld size. This signi�cantly
decreased the canvas size from36 � 64 = 2; 304 to 25 � 25 = 625 input pixels, leading to an
approximately 3.7-fold speedup. Additionally, our improved approach reduces the number of �oating
point operations in the model's forward pass, further bene�ting the computation time. Another
important detail is that for the optimal Gabor search and tuning curves experiments we completely
ignored the learnt neuronal position as there was only one position to choose. For all in silico
experiments, we removed models'shifterpupil position prediction network [36], as pupil position
only impacted the spacial position selection, which is now limited to a single pixel. All other behavior
variables we set to their training set median values, following [56, 67].
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