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Abstract

Many properties of perceptual decision making are well-modeled by deep neural
networks. However, such architectures typically treat decisions as instantaneous
readouts, overlooking the temporal dynamics of the decision process. We present
an image-computable model of perceptual decision making in which choices and
response times arise from efficient sensory encoding and Bayesian decoding of neu-
ral spiking activity. We use a Poisson variational autoencoder to learn unsupervised
representations of visual stimuli in a population of rate-coded neurons, modeled
as independent homogeneous Poisson processes. A task-optimized decoder then
continually infers an approximate posterior over actions conditioned on incoming
spiking activity. Combining these components with an entropy-based stopping rule
yields a principled and image-computable model of perceptual decisions capable of
generating trial-by-trial patterns of choices and response times. Applied to MNIST
digit classification, the model reproduces key empirical signatures of perceptual
decision making, including stochastic variability, right-skewed response time dis-
tributions, logarithmic scaling of response times with the number of alternatives
(Hick’s law), and speed–accuracy trade-offs.

1 Introduction

A central task of the brain is to process sensory information in order to guide adaptive behavior, often
studied through perceptual decision-making. This process is shaped by several biological constraints.
Neurons communicate through discrete action potentials (or spikes), the nervous system is subject to
noise at multiple levels [1], and operates under limited metabolic resources [2, 3]. Together, these
factors impose fundamental limits on both the speed and accuracy of perceptual processing [4].

Deep neural networks have emerged as powerful models of the sensory cortex, capable of performing
perceptual tasks of naturalistic complexity [5, 6]. While compelling, these models typically treat
decisions as instantaneous readouts, ignoring the rich temporal dynamics of the decision process. As
a result, standard deep neural networks cannot account for temporal properties of perceptual decision
making such as response time distributions or the speed–accuracy trade-offs.

In contrast, evidence accumulation models (e.g., drift diffusion model [7]) explicitly capture the
temporal dynamics of the decision process. These models reproduce key behavioral regularities,
including stochastic variability, right-skewed response time distributions, and speed–accuracy trade-
offs [8]. However, they generally operate on abstract decision variables without specifying how such
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variables are derived from sensory input. Consequently, they are not image-computable (i.e., they do
not compute directly on visual stimuli) and therefore cannot perform image-level perceptual tasks.

Recently, a new class of image-computable decision models has sought to fill this gap by explicitly
linking sensory encoding with decision dynamics [9–13]. These models seek to combine the
representational capacity of deep neural networks with temporal accumulation of evidence, providing
a functional grounding for the latent decision variable in terms of task-relevant information. Doing so
enables models to perform complex tasks while accounting for temporal properties of the decision
process. However, existing approaches are often directly fit to human response data, or introduce
temporal integration mechanisms without a clear normative justification.

In this work, we introduce P-VAE-RT, an image-computable model for perceptual decision-making,
grounded in principles of efficient coding and Bayesian evidence accumulation. Sensory representa-
tions are modeled as resource-limited encoders optimized for information transmission in a population
of rate-coded neurons. Decisions are then cast as Bayesian accumulation of noisy sensory evidence
(via spikes) until a criterion is reached. This formulation allows the model to perform image-level
tasks while reproducing key behavioral phenomena observed in perceptual decision making. By
unifying efficient sensory coding with normative accumulation of evidence, our approach provides
a framework for understanding perceptual decision-making as optimal inference under resource
constraints [14].

Contributions: Overall, our work makes the following contributions: (i) We introduce an image-
computable model of perceptual decision-making that integrates efficient sensory encoding with
Bayesian evidence accumulation, providing a principled link between high-dimensional sensory input
and temporal decision dynamics. (ii) We demonstrate our model’s ability to perform a complex
image-level task while predicting hallmark behavioral phenomena, including trial-to-trial variability,
response time distributions, and adaptive speed–accuracy trade-offs.

2 Background

Bayesian neural decoding. Previous work demonstrated that several classic response-time phenom-
ena can be unified from the perspective of information transmission. In particular, Christie et al. [15]
considers response times (RT) as the duration required for a Bayesian decoder to identify a stimulus
from a population of rate-coded neurons, each modeled as a homogeneous Poisson process.

Formally, consider a set of stimuli X = {x1, .., xK} where each stimulus x ∈ X is sampled from a
prior distribution p(x). The stimulus is encoded into vector firing rates

λ = ρb + γ g(x), g : X → RK ,

where g is a one-hot encoding, γ scales the encoding magnitude, and ρb is a uniform baseline firing
rate. In other words, each stimulus excites a unique neuron, while all others remain at baseline
activity. Spikes are then generated according to a set of homogeneous Poisson processes with these
rates. The decoder is modeled as a Bayesian ideal observer that infers the stimulus from cumulative
spike counts at time t, denoted zt, by updating the posterior

p(x | zt) =
p(zt | x) p(x)

p(zt)
.

Under this simple one-to-one encoding, the posterior can be computed in closed-form [16]. Decoder
uncertainty is quantified by the entropy H(x | zt), which decreases as spikes accumulate. Response
time is defined as the first-passage time when entropy drops below a decision threshold τ .

Despite its simplicity, this framework provides a unified account for a wide range of empirical findings,
including the Hick–Hyman law [17, 18], the power law of practice [19], Stroop interference [20, 21],
and speed–accuracy trade-offs [4, 22]. However, extending the model to complex tasks reveals two
key limitations. First, the model assumes a one-to-one neuron–stimulus mapping, incommensurate
with complex encoders required for high-dimensional stimuli (e.g., images). Second, the model fails
to accommodate non-identity relationships between stimuli and actions, preventing it from capturing
tasks with complex or continuous outputs. In this work, we address these limitations by generalizing
the framework to support complex, nonlinear stimulus encoders and by developing a task-optimized
decoder capable of supporting complex actions.
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Figure 1: (A) P-VAE-RT architecture. Input stimuli x are processed by a pretrained P-VAE
encoder, encϕ(x), producing a vector of firing rates λ. These rates generate spike trains via a set
of homogeneous Poisson processes. Throughout the spike train, an approximate Bayesian decoder
continually infers the posterior distribution, pθ(a | zt), over actions a based on the accumulated
spike count zt. (B) Schematic of the entropy-based stopping rule. Posterior entropy H[pθ] decreases
as spikes accumulate. Response times are modeled as the first passage time for the posterior to hit
an entropy stopping threshold τ . (C) Schematic of response distributions. We generate response
distributions from repeated simulation of actions and response times for a given stimulus.

Poisson variational autoencoder. Perception can be understood as the process of inferring the
true state of the world from noisy and incomplete sensory measurements [23]. This perspective has
directly inspired machine learning architectures such as the Helmholtz machine [24], and, more
recently, variational autoencoders (VAEs; [25, 26]).

VAEs are increasingly being considered as computational models of perceptual inference in the brain.
Evidence for this comes from several directions: (i) VAE representations align with the primate
cortex across both ventral [27] and dorsal [28] streams; (ii) VAEs develop cortex-like topographic
organization [29, 30]; and (iii) VAEs produce perceptual errors resembling those of humans [31].
Collectively, this suggests a significant degree of neural, organizational, and psychophysical alignment
between VAEs and the brain.

However, standard Gaussian VAEs encode inputs into continuous latent variables that deviate from
the discrete, spiking nature of biological neural codes. To address this, Vafaii et al. [32] introduced
the Poisson VAE (P-VAE), which encodes inputs into discrete spike-count variables. The P-VAE is
both rigorously grounded in the mathematics of variational inference, and is more brain-like in its
representations.

Despite these advances, the P-VAE remains a purely vision-based model. It has not yet been applied
to scenarios where perceptual inference is used to guide behavior. In this work, we extend the
P-VAE framework to demonstrate that its encoding mechanism can generate spike trains that support
perceptual decision-making.

3



3 Overview of the P-VAE-RT

We construct our model (P-VAE-RT) from two components, each trained independently. First, we
train a Poisson variational autoencoder to learn an efficient unsupervised representation of stimuli
as firing rates. These rates are then converted into spike trains via a set of homogeneous Poisson
processes. The spike trains are then used as training data for a task-optimized decoder that learns to
continually infer the posterior over actions, conditioned on incoming spiking activity. Combining
these components with an entropy-based stopping rule yields a principled, image-computable model
of perceptual decision-making that generates both choices and response times. In the following
sections, we describe each component in detail and outline its role within the unified architecture.

3.1 Efficient, probabilistic encoding of stimuli

To efficiently encode visual stimuli into a vector of firing rates, we use a Poisson VAE (P-VAE). The
P-VAE modifies a standard variational autoencoder by replacing the Gaussian prior and approximate
posterior with Poisson distributions. This modification results in discrete, integer spike-count
representations in the latent space of the model.

During inference, the P-VAE encoder maps an input sample x to the rate parameters, λ(x) =
encϕ(x), which are then used to construct a Poisson approximate posterior, from which spike counts
z ∼ Pois(λ(x)) are sampled. The decoder network then reconstructs the input, x̂ = decψ(z).

The P-VAE is trained in an unsupervised manner, using the standard Evidence Lower BOund (ELBO)
objective, which assumes the following form for a Gaussian likelihood and Poisson latents:

LPVAE = Ez∼Pois(z;λ(x))

[
∥x− decψ(z)∥22

]
︸ ︷︷ ︸

Reconstruction term

+

K∑
i=1

rif(δri)︸ ︷︷ ︸
KL term

, (1)

where decψ(·) denotes the decoder network, K is the latent dimensionality, and f(y) = 1−y+y log y;
r is the prior over firing rates, and δr := λ⊘ r, where ⊘ denotes element-wise division.

A notable consequence of incorporating Poisson latents is that the Kullback–Leibler (KL) term in
the ELBO objective resembles a metabolic cost (eq. (1)) [32]. Because of this mathematical result,
the overall P-VAE objective encourages the model to faithfully reconstruct inputs while minimizing
spiking activity. This establishes a theoretical connection to sparse coding [33], which was verified
empirically [32, 34].

In sum, the P-VAE provides a biologically plausible, spiking, and sparsity-promoting perceptual
model, which we use as a “visual cortex” in our decision-making task.

3.2 Task-optimized neural decoding

Following Christie et al. [15], we model response time as the time required for a Bayesian decoder to
infer sensory information from spikes emitted by a population of rate-coded neurons. We extend this
framework by allowing the decoder to interpret non-linear encodings and learn arbitrary mappings
between stimuli and actions.

Concretely, we consider the problem of inferring the posterior p(a | zt) ∝ p(zt | a) p(a), where a
denotes a perceptual judgment (e.g., a class label) pertaining to stimulus x ∈ RD. zt ∈ NK is the
vector of cumulative spike counts up to time t from K homogeneous Poisson neurons with rates

λ = encϕ(x), encϕ(·) : RD → RK .

We place no restrictions on the complexity of the encoder enc(·), or the relation between x and
a. This generalization renders the likelihood p(zt | a) intractable. We therefore seek to directly
approximate the posterior with a learned decoder:

decθ := pθ(a | zt) ≈ p(a | zt), (2)

where θ are the neural network parameters that parameterize our approximate posterior. We emphasize
that decθ is completely distinct from the decoder used to train our P-VAE (which learns to reconstruct
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the original stimuli). Rather, this network computes an evolving posterior over actions which may be
a complex function of the original stimuli (e.g., the class of an image).

To train this decoder, we construct a dataset D = (zt, a). For each stimulus, we (i) generate spike
trains from the image-driven rates λ using a homogeneous Poisson process, (ii) discretize the spike
train into time bins to form a binary event matrix of size K × T , and (iii) convert this into cumulative
spike counts, where entry (i, t) is the total number of spikes emitted by neuron i up to time t.
Each column of this cumulative count matrix, paired with its label a, serves as a training sample.
Importantly, for a homogeneous Poisson process, the likelihood depends only on the number of events
in an interval, not their precise timing. Thus, the cumulative spike count vector zt is a sufficient
statistic for posterior inference [35].

In the case of a discrete action space, as seen in the subsequent example, we use a single multi-layer
perceptron trained with a softmax output and cross-entropy loss:

L(θ) = E(a,zt)[−log pθ(a | zt)]. (3)

In appendix A, we provide a proof that this objective converges to the true posterior under standard
realizability assumptions. For continuous actions, we replace the softmax with a parametric density
(e.g., Gaussian mixture model, normalizing flow) and train the decoder using the negative log-
likelihood loss.

3.3 Generating responses from P-VAE-RT

To construct P-VAE-RT, we combine a pretrained encoder encϕ(x), which maps high-dimensional
stimuli into firing rates, with a task-optimized decoder pθ(a | zt), that continually extracts task-
relevant information from resulting spike trains (see Figure 1).

A simulation proceeds as follows: the input stimulus x is first encoded into firing rates λ = encϕ(x).
Spike trains are then generated from a set of homogeneous Poisson processes parameterized by
these rates. At each time t ∈ [0, T ], the decoder infers the posterior distribution pθ(a | zt) and its
associated entropy H[pθ]. Response time is defined as the earliest t for which H[pθ] < τ , where τ is
a fixed entropy threshold. The selected action is given by the maximum a posteriori (MAP) estimate
of the decoder at that time.

It is worth noting that the model is not trained to mimic subjects’ empirically observed behavior.
Instead, it is trained directly to perform a task, subject to a few guiding principles: (i) stimuli should
be encoded efficiently, subject to representational constraints, (ii) information should be transmitted
in a biologically plausible manner (i.e., using spikes), and (iii) task-relevant information should
be decoded optimally to support action. Together, these guiding principles provide a powerful
framework for understanding how temporal properties of perceptual decision arise in neural systems
under biological constraints.

4 Capturing psychophysical phenomena with MNIST

We apply P-VAE-RT to the task of handwritten digit classification using the MNIST dataset and
show that it captures several hallmark regularities of human perceptual decision-making. While this
serves as a concrete test case, it also illustrates the model’s capacity to perform a general class of
perceptual tasks.

To evaluate behavior, we report response times in arbitrary units (AU). These can be mapped to real
time (e.g., seconds) by specifying a time constant, which in practice can be estimated from empirical
data. For the purposes of this section, however, we emphasize the model’s ability to reproduce
well-established psychophysical trends, which remain invariant under rescaling of the time axis.

Unless otherwise noted, we use an entropy stopping threshold of τ = 0.5 (except when systematically
varied to study the speed–accuracy trade-off) and a latent dimension of 128. Additional analyses
on the effect of varying the latent dimensions are provided in appendix B and further details on the
training procedure can be found in Appendix C.

Response distributions: Human response times are among the most extensively studied measures
in behavioral psychology, providing a unique window into the processes that underlie perceptual
decision-making. A key reason is that response time distributions, together with behavioral outcomes,
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Figure 2: Response distributions depend on task difficulty. Response distributions for stimuli of
varying difficulty. Each row corresponds to a digit at a given difficulty level, while each column
highlights a property of the response distribution across repeated trials with a fixed stimulus. Easy
stimuli are characterized by rapidly decreasing entropy, strongly skewed distributions, and low
variance in the action distribution. Difficult stimuli, by contrast, exhibit slower entropy reduction,
more symmetric distributions, and greater variability across actions.

reliably exhibit several regularities. We highlight three core phenomena and show that our model
reproduces them: (i) decisions are stochastic, i.e., presenting the same stimulus can yield different
responses and response times [36, 37]; (ii) response time distributions are typically right-skewed; and
(iii) the degree of skewness decreases as task difficulty increases [8, 38].

Our model successfully reproduces all three effects (Figure 2). To illustrate this, we selected three
images that differ in classification difficulty for human observers. The easy image is quickly and
reliably classified as a 0, producing a strongly right-skewed response-time distribution with minimal
variance across actions. The average difficulty image is labeled as a 9, but its white pixels also
resemble a 4 or a 7, leading to slightly slower response times, reduced skew in the response-time
distribution, and increased variance across actions. The hard image closely resembles both a 4 and
a 7, creating ambiguity that generates a bimodal action distribution, substantially slower response
times, and a broad response time distribution.

Reproducing the Hick–Hyman law. One of the earliest applications of information theory to
human behavior is the Hick–Hyman law, which states that response time increases linearly with the
information content of a stimulus. Given a uniform prior over stimuli, this implies a logarithmic
relationship between response time and the number of possible choices. This effect was first
demonstrated by William Hick in a classic experiment where subjects responded to a variable number
of stimuli [17], and further developed by Ray Hyman [18]. Together, these studies suggest that
response times scale with stimulus uncertainty, consistent with the idea that human decision-making
proceeds at an approximately constant rate of information processing.
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Our model reproduces this trend, when the decoder is trained to classify among varying numbers
of digit classes. As shown in Figure 3, response times increase systematically with the number of
alternatives, in agreement with the classic behavioral data of Hick [17].

Figure 3: Hick’s Law. (Left) Mean response time from the P-VAE-RT where the decoder is trained
to classify among a varying number of MNIST digits. RT increases monotonically with the number
of alternatives with an approximately logarithmic trend. (Right) Human response times replotted
from Hick [17], shown in seconds.

Figure 4: Speed-accuracy trade-off. (Left) Model accuracy versus average RT as the entropy
threshold is swept (τ ∈ {0.1, 0.2, 0.4, 0.6, 0.8}). Lower τ values produce longer RTs and higher
accuracy. Points represent averages across images and trials. (Right) Human response time data from
a working memory task under low versus high time pressure (Heitz & Engle [39]).
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Speed-accuracy trade-off: Biological organisms must often act under variable time constraints,
balancing the need for rapid responses against the benefits of accuracy. This balance is formalized by
the speed–accuracy trade-off (SAT), whereby faster decisions typically yield higher error rates, while
slower decisions improve accuracy at the cost of timeliness. The phenomenon has been documented
across a wide range of species and tasks, including perceptual and cognitive decisions in humans [4,
40, 41], macaques [42], rats [43], and even insects such as bees [44].

Our model reproduces this trade-off, when the entropy stopping threshold τ is modulated. As
illustrated in Figure 4, higher thresholds yield faster responses at the cost of accuracy, whereas
lower thresholds prolong evidence accumulation and improve performance. This mirrors behavioral
trends observed in working-memory experiments with varying levels of time pressure [39]. By
linking stopping rules to decision performance, our framework provides a principled account of how
organisms can tune their behavior to the demands of the environment.

5 Discussion

In this work, we introduced P-VAE-RT, an image-computable model of perceptual decision-making
grounded in the principles of efficient coding and Bayesian evidence accumulation. The model em-
ploys an unsupervised representation from a Poisson variational autoencoder to map high-dimensional
stimuli into a population of rate-coded neurons, modeled as a set of independent homogeneous Pois-
son processes. These rates generate spike trains that drive a task-optimized decoder that computes
an approximate Bayesian posterior over actions throughout the spike train. As spikes accumulate,
posterior entropy decreases until reaching a preset threshold τ , at which point the model commits to
an action and reports a response time.

We demonstrated the framework on the task of MNIST digit classification and showed that it
reproduces classic psychophysical regularities. These include response variability, right-skewed
response-time distributions, the logarithmic increase in response times with the number of alternatives
(Hick’s law), and speed–accuracy trade-offs.

We believe this approach makes several contributions to the study of perceptual decision-making.
From a pragmatic perspective, it offers a highly flexible framework for modeling perceptual decisions
with minimal constraints on stimulus complexity or the space of potential actions. We see this
flexibility as an important step toward investigating decision-making in more complex and naturalistic
contexts. At a conceptual level, our model provides a principled link between efficient sensory
coding and evidence accumulation, highlighting how the variability and resource limitations of
neural population activity can give rise to variability in behavior. From a broader perspective, this
work underscores the value of response times as a meaningful axis for comparing artificial and
biological neural networks, extending alignment efforts beyond static measures such as accuracy or
representational similarity.

Limitations and future work. While we view these results as promising, several limitations remain
to be addressed in future work. First, we have not yet performed a direct quantitative comparison
to human behavioral data, an essential step in assessing the model’s explanatory power. Applying
the framework to empirical datasets requires estimating several free parameters, including the time
constant, entropy threshold, and neural population size. Future work should explore how these
parameters can be constrained by normative principles or efficiently fit to behavioral measurements.

Second, the current formulation assumes a homogeneous Poisson population, an idealization that
abstracts away richer neural dynamics. In particular, inhomogeneous Poisson processes are more
biologically realistic but also invalidate the property that cumulative spike counts are sufficient
statistics for posterior inference. Addressing this would likely require more expressive decoding
architectures, for example, incorporating recurrence or state-space formulations.

Third, the present architecture is restricted to perceptual decisions on static images and thus cannot
capture tasks with temporally varying stimuli (e.g., the random-dot motion paradigm). Extending
the model to handle dynamic evidence would broaden its scope to a wider range of decision-making
contexts and allow comparison to several classic experiments connecting neural and behavioral data.

Conclusion. Our findings reveal that image-computable models can capture key dynamics of
perceptual decision making by linking neural activity to choices and response times. This suggests a
promising direction toward more expressive models of biological neural computation.
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A Proof of convergence

Let {(ai, zt,i)}Ni=1 be i.i.d. samples from the true joint p(a) p(zt | a), where p(a) is the (fixed) prior
over a and p(zt | a) is the likelihood of a. We fit a conditional model pθ(a | zt) by maximum
likelihood.

Maximizing the product
∏N
i=1 pθ(ai | zt,i) with respect to θ is equivalent to maximizing the average

log-likelihood

1

N

N∑
i=1

log pθ(ai | zt,i). (4)

By the strong law of large numbers, as N → ∞,

1

N

N∑
i=1

log pθ(ai | zt,i)
a.s.−−→ Ep(a) p(zt|a)[log pθ(a | zt)] . (5)

Let p(zt) =
∫
p(a) p(zt | a) da be the induced marginal of zt. Consider the KL divergence between

the two joint distributions on (a, zt):

DKL

(
p(a) p(zt | a)

∥∥∥ p(zt) pθ(a | zt)
)
= Ep(a) p(zt|a)

[
log

p(a) p(zt | a)
p(zt) pθ(a | zt)

]
. (6)

Rearranging (6) yields

Ep(a) p(zt|a)[log pθ(a | zt)] = −DKL

(
p(a) p(zt | a)

∥∥∥ p(zt) pθ(a | zt)
)
+ const., (7)

where the constant does not depend on θ. Thus, maximizing the expected log-likelihood is equivalent
to minimizing the KL divergence in (6).

The KL divergence in (6) is minimized (to 0) if and only if the two joint distributions are equal almost
everywhere:

p(a) p(zt | a) = p(zt) pθ(a | zt) a.e. (8)

Solving (8) for pθ(a | zt) gives

pθ(a | zt) =
p(a) p(zt | a)

p(zt)
= p(a | zt). (9)

Combining (5) and (7)–(9), we conclude that any maximizer θ⋆ of the limiting objective satisfies
pθ⋆(a | zt) = p(a | zt) almost everywhere. Consequently, under standard regularity (realizability of
the true posterior within the model class and optimization that attains the global maximum), the MLE
estimator satisfies

pθ̂N (a | zt) −→ p(a | zt) as N → ∞.

□

B Varying the latent dimension

The latent dimensionality is a core architectural hyperparameter that is fixed prior to training and
constrains the model’s representational capacity. In our main experiments, we set the latent dimen-
sionality to 128, following Vafaii et al. [32]. Here, we systematically vary this dimensionality to
examine its influence on three aspects of model behavior, which we investigate in turn:

(i) the quality of P-VAE reconstructions,

(ii) the rate of evidence accumulation, and

(iii) the sparsity of the learned latent representation.

11



B.1 Reconstruction of the MNIST dataset

To assess how latent dimensionality affects reconstruction fidelity, we varied the number of latent
dimensions in P-VAE on a logarithmic scale from 2 to 512, holding other training hyperparameters
constant. As expected, reconstruction quality improves monotonically with dimensionality (Figure 5),
reflecting increased representational capacity. At very low dimensions, the bottleneck severely
restricts the encoder’s ability to preserve image structure, whereas higher-dimensional latents enable
accurate reconstructions.

Figure 5: Reconstruction quality of the MNIST dataset. The reconstruction of 25 MNIST images
from the test set for P-VAE with varying latent dimensions. Reconstruction improves as latent
dimension increases, indicating increased capacity.

B.2 Rate of evidence accumulation

We next analyzed how latent dimensionality influences the rate of evidence accumulation. We
quantified this effect using the mean posterior entropy H[pθ] across images and trials in P-VAE-RT.
Posterior entropy decreases stochastically within trials and, when averaged, yields smooth traces
characterizing the accumulation rate. Consistent with Christie et al. [15], higher latent dimensionality
accelerates entropy reduction – interpreted as increased signal power – while lower-dimensional
spaces constrain evidence accumulation, producing slower response times (Figure 6).
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Figure 6: Mean entropy traces for n-dimensional latent representations in P-VAE-RT across 1000
images and 100 trials. Decreasing the dimensionality of the latent reduces the rate of evidence
accumulation, leading to slower response times.

B.3 Sparsity of learned codes

Inspired by the relation to sparse coding, we examine the sparsity of the learned representation as a
function of latent dimensionality. First, sparsity was quantified as the proportion of neurons whose
responses exceeded a threshold (over 1000 images):

sparsity % =
#{neurons with response > Ψ}

total neurons
× 100, (10)

where Ψ is a tunable threshold. Across thresholds, sparsity consistently increased with latent
dimensionality – an example for Ψ = 1 is shown in Figure 7 (left).

To validate our results, we additionally quantified the lifetime sparsity using the Treves–Rolls
sparseness index [45], which captures the distributional shape of firing rates r:

α =

(
1
N

∑
i ri

)2
1
N

∑
i r

2
i

, TR sparsity % =
1− α

1− 1/N
, (11)

where N is the number of images and ri denotes the mean firing rate of a neuron in response to image
i.

Following the analysis in Christie et al. [15], we varied the number of latent dimensions (i.e., neurons)
from 2 to 2048 on a logarithmic scale. Both metrics revealed the same overall trend: sparsity increases
with latent dimensionality.
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Figure 7: Sparsity over latent dimensions. (Left) Sparsity as a proportion of neurons exceeding
threshold Ψ = 1. (Right) Treves-Rolls Sparseness index.
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C Training details

All training can be completed in a few hours under modest compute resources.

C.1 Software and hardware

Programming language: Python 3.10. Core ML package: PyTorch 2.5.1. Analysis packages: NumPy,
Matplotlib, Pandas, scikit-learn. Hardware: 2024 MacBook Pro with Apple M4 Max.

C.2 Poisson VAE

Dataset: MNIST; 28×28 grayscale images flattened.

Architecture:
Latent dimensionality: 128
Encoder, encϕ(x): 784 → 128 (linear).
Decoder, decψ(z): 128 → 784 (linear) with Gaussian output.

Training: ELBO objective; Adam optimizer with learning rate 1e-3; 50 epochs.

C.3 Task-optimized decoder

Spike processing: For each stimulus, we generate spike trains from the image-driven rates λ =
encϕ(x) using independent homogeneous Poisson processes. The spike trains are discretized into
T = 100 time bins to form a binary event matrix (neurons × time). This is further converted into
cumulative spike counts, where entry (i, t) denotes the total number of spikes emitted by neuron i up
to time t. Each cumulative count vector zt, paired with its label a, serves as a supervised training
sample.

Architecture: multilayer perceptron 128 → 64 → 32 → output size; ReLU activations in hidden
layers; final layer produces class logits.

Training: cross-entropy loss; Adam optimizer with learning rate 1e-3; batch size 256; 100 epochs.
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