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Abstract

Although artificial neural networks are often described as
brain-inspired, their representations typically rely on con-
tinuous activations, such as the continuous latent variables
in variational autoencoders (VAEs), which limits their bi-
ological plausibility compared to the discrete spike-based
signaling in real neurons. Extensions like the Poisson
VAE introduce discrete count-based latents, but their equal
mean-variance assumption fails to capture overdispersion
in neural spikes, leading to less expressive and informative
representations. To address this, we propose NegBio-VAE,
a negative-binomial latent-variable model with a disper-
sion parameter for flexible spike count modeling. NegBio-
VAE preserves interpretability while improving representa-
tion quality and training feasibility via novel KL estima-
tion and reparameterization. Experiments on four datasets
demonstrate that NegBio-VAE consistently achieves supe-
rior reconstruction and generation performance compared
to competing single-layer VAE baselines, and yields ro-
bust, informative latent representations for downstream
tasks. Extensive ablation studies are performed to verify
the model’s robustness w.r.t. various components. Our
code is available at https://github.com/co234/
NegBio-VAE.

1. Introduction

Although artificial neural networks (ANNs) have histori-
cally been described as brain-inspired, their design choices
are primarily driven by computational considerations rather
than strict biological fidelity [1, 44]. A key distinction lies
in how information is represented: while biological neu-
rons communicate through sequences of action potentials
(spike trains) [33], most machine learning models adopt
continuous activations. This contrast has motivated a line

*Equal contribution.
Corresponding author.

of work that investigates discrete, spike like representations
as a pathway toward enriching the expressiveness of gen-
erative models [2, 16, 30]. From this perspective, study-
ing count-based representations is not only biologically in-
spired but also methodologically valuable for expanding the
modeling capacity of deep generative frameworks [15, 48].

Among these frameworks, the variational autoencoder
(VAE) [23] is a powerful generative model grounded in
Bayesian inference that learns structured latent representa-
tions of data, and is often described as brain-inspired due
to its similarity to how the brain encodes sensory informa-
tion [31, 42, 45]. While VAEs have achieved broad success,
they typically employ continuous latent variables, in con-
trast to the discrete spike counts encoded by the brain. To
bridge this gap, recent works have proposed extensions such
as categorical or Poisson VAEs [18, 46, 49], which intro-
duce discrete latent variables that not only offer greater bi-
ological plausibility but also enhance the capacity to model
categorical or count structures in latent variables.

The main improvement presented in this paper builds on
the Poisson VAE (P-VAE) [46], which encodes data as dis-
crete spike counts drawn from a Poisson distribution. While
the Poisson model provides a natural starting point, it im-
poses a restrictive assumption: the mean and variance of
the discrete spike counts must be equal. In practice, how-
ever, neural spike trains often exhibit overdispersion, where
the variance of the spike counts significantly exceeds the
mean [32, 41, 43]. This has been linked to neurobiological
sources such as trial-to-trial gain variability and network-
level fluctuations [41]. While underdispersion can arise in
neurons with refractory periods [4], overdispersion is the
more prevalent and consequential deviation from Poisson
statistics across cortical recordings [17, 40]. This coupling
of the mean and variance limits the flexibility of the latent
space, leading to underestimated uncertainty and reduced
representational expressiveness.

To address this limitation, we adopt the negative bino-
mial (NB) distribution [39], a two-parameter generalization
of the Poisson distribution that introduces a dispersion pa-

16289


https://github.com/co234/NegBio-VAE
https://github.com/co234/NegBio-VAE

rameter, allowing the variance to exceed the mean. This
flexibility allows modeling of overdispersed spike counts,
enabling latent representations that better capture the het-
erogeneous variability. Building on this idea, we pro-
pose NegBio-VAE (see Fig. 1), a principled extension of
the VAE framework that preserves count-based representa-
tions while more accurately reflecting their statistical vari-
ability. While this formulation greatly enhances represen-
tational flexibility, it also introduces two challenges: (1)
computing the KL divergence between NB distributions,
and (2) performing reparameterized sampling. We address
both with efficient approximations that make NegBio-VAE
practically trainable. Empirically, NegBio-VAE demon-
strates superior reconstruction quality, stronger generative
performance, and more informative latent representations
for downstream tasks.

Our main contributions are summarized as follows:
(1) We propose NegBio-VAE, which introduces a disper-
sion parameter to model overdispersed latent spike counts
and improve the flexibility of latent representations. (2)
We develop efficient training strategies with two KL es-
timators (Monte Carlo and Dispersion Sharing) and two
differentiable reparameterizations (Gumbel-Softmax and
Continuous-time Simulation) for stable optimization. (3)
Experiments on four benchmark datasets show that NegBio-
VAE outperforms strong baselines in reconstruction and
generation while learning more informative latent represen-
tations for downstream tasks.

2. Related Works

Brain-like ANNs, emerging at the intersection of neuro-
science and machine learning, aim to mirror the brain’s
functionality and structure. Related works can be catego-
rized into two types: spiking neural networks (SNNs) and
brain-like generative models. SNNs [6, 11, 15, 27, 54], like
biological neurons, use discrete spikes for communication
instead of continuous activations as in traditional ANNs. A
notable model is the leaky integrate-and-fire (LIF) model,
which simulates the temporal dynamics of spike genera-
tion. The second category includes generative models that
learn data representations similar to how brain processes
sensory information. Key works in this area include brain-
like VAEs [19, 46, 51], GANs [12, 24, 38], and diffusion
models [5, 20, 28]. Our work extends the P-VAE [46] by
incorporating a NB distribution to better capture overdisper-
sion in latent spike counts, enabling richer and more flexible
variability in the latent representations.

Discrete VAEs are typically categorized into two types:
discrete representations and discrete data. In VAEs with
discrete representations, the variables capture the underly-
ing discrete structure of the data. Most current works on
discrete-representation VAEs use categorical distributions
for the latent variables [10, 14, 18, 49]. Other works em-

ploy Bernoulli [19, 37] or Poisson distributions [46, 52].
These methods have achieved significant success in speech
synthesis and image generation. The second category fo-
cuses on VAEs for discrete data, such as text, categorical,
or count data. These models reconstruct discrete data, mak-
ing them suitable for tasks like natural language process-
ing and structured prediction [35, 53]. While [53] uses the
NB distribution to model count data while keeping the la-
tent variables continuous, our work extends NB modeling
to discrete latent variables in a VAE.

3. Preliminaries

This section reviews VAE and P-VAE, first covering the
standard VAE framework and then its adaptation to model
latent spike counts with a Poisson distribution.

3.1. Variational Autoencoder

VAE [22] is a probabilistic generative model defining a joint
distribution p(x, z) over data x and latent variables z. Sam-
ples are generated by z ~ p(z) and decoded via py(x | z),
while inference uses an approximate posterior ¢4(z | x).
Model parameters are learned by maximizing the evidence
lower bound (ELBO), a tractable surrogate of log p(x) that
balances reconstruction and latent regularization:

Lyae = Eq, (230 [log po (x | 2)] = Dr[gs(2 | x)[|p(2)].

The first term enforces faithful reconstruction, while the
second term regularizes the latent space. VAEs en-
able gradient-based optimization via the reparameteriza-
tion trick [22], which introduces differentiable sampling be-
tween the encoder and decoder. Standard implementations
assume an isotropic Gaussian prior p(z), simplifying com-
putation but limiting expressiveness.

3.2. Poisson VAE

To better mimic biological neuron activity, the P-VAE [40]
was proposed to model spike counts as discrete latent vari-
ables. Specifically, it uses the Poisson distribution to repre-
sent the spike counts of K neurons, with the latent variable
z € Z§™. The prior and variational posterior are defined
as:

Prior:  p(z) = Poi(z;r),

Posterior:  ¢(z | x) = Poi(z;r ® §,(x)),

where both the prior Poisson and the posterior Poisson are
factorized, i.e., Poi(z) = [[., Poi(z;). Here, r € RTX
denotes the prior firing rates, and r ® d,-(x) gives the poste-
rior firing rates, with ® denoting element-wise multiplica-
tion. The encoder output §,.(x) € R modulates the ratio
of posterior to prior firing rates based on the input. In con-
trast to standard VAEs where latent variables are continuous
and typically drawn from a Gaussian, the P-VAE models z
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Figure 1. Overview of the proposed NegBio-VAE framework. The data are encoded as discrete spike counts drawn from a negative
binomial distribution, whose variance exceeds the mean, enabling the model to capture overdispersed latent structures.

as a vector of discrete spike counts, which better resembles
neural firing behavior. The objective of P-VAE is given by:

K
Lpvae = Epoi(zros, (x) logpa(x [ 2)] + > rig(dr,),

i=1

(D
where g(a) = 1 — a + alog a corresponds to the KL diver-
gence between two Poisson distributions.

4. Methodology

A key limitation of the Poisson distribution is its restrictive
assumption that the mean and variance of spike counts are
equal. This assumption fails to capture the overdispersion
frequently observed in neural spike train. To address this,
we propose the NegBio-VAE, which applies a more flexi-
ble NB distribution. As a two-parameter generalization of
the Poisson, the NB distribution introduces a dispersion pa-
rameter that allows the variance to exceed the mean. This
makes it more suitable for modeling overdispersed spike
counts. The NB distribution has been widely applied in
various fields, such as spiking neuron models [34], RNA
sequence analysis [9], and language modeling [55].

We begin by defining the prior and posterior distributions
over the latent spike counts z € Z$ as p(z) = NB(z; r, p)
and ¢(z | x) = NB(z;r © §,(x), p © d,(x)), respectively.
Similar to P-VAE, both the prior and posterior NB distribu-
tion are factorized, i.e., NB(z) = [[,_; NB(z;), 0,-(x) and
0, (x) are outputs of the encoder, which captures the ratio
of the posterior parameters to the prior parameters. With
this setup, the ELBO of NegBio-VAE becomes:

L = Exp(z:r06, (x),pos, (x)) 108 o (X | 2)]
— Dki[NB(z;r © 6,(x),p © 0,(x))||NB(z; r, p)].
2
While this formulation enables greater flexibility, it also in-
troduces two key technical challenges during the training of
NegBio-VAE: (1) The second term in Eq. (2) requires cal-
culating the KL divergence between two NB distributions;

(2) The first term in Eq. (2) requires reparameterized sam-
pling from the NB distribution. We address each of these
issues in the following sections.

4.1. KL Divergence between NB Distributions

In both vanilla VAE and P-VAE, the KL term is tractable
due to closed-form solutions for Gaussian and Poisson dis-
tributions. However, no such form exists for the KL di-
vergence between two NB distributions, which poses the
first challenge for training NegBio-VAE. To address this,
we propose two strategies: a Monte Carlo method for di-
rect approximation, and a dispersion sharing technique
that simplifies the KL divergence by partially tying poste-
rior parameters to the prior.

(1) Monte Carlo. Optimizing the ELBO for NegBio-
VAE is challenging due to the lack of an analytical form
for the KL divergence between two NB distributions, pre-
venting direct computation of the KL term. We address
this using Monte Carlo estimation. Specifically, using
DKL[q(z)||p(2)] = Eq(2) [log q(2) — log p(z)], the KL di-
vergence is approximated by sampling from the variational
posterior and averaging the log-density difference between
posterior and prior.

Substituting this expression into the ELBO in Eq. (2) we
obtain the following objective:

L = ExB(z;r05, (x),pos, (x)) [10g P (X | 2)
—logNB(z;r © §,(x),p ©® d,(x)) + log NB(z; r, p)].

Clearly, as long as we can implement reparameterized sam-
pling from the NB distribution, we can use the above objec-
tive function to train NegBio-VAE.

(2) Dispersion Sharing. Although the KL divergence
between two general NB distributions, NB(z;r1,p1) and
NB(z;72,p2), does not have an analytical solution, a
tractable analytical form exists when the dispersion param-
eters are shared, i.e., 7y =719 = 1.

Based on this observation, we propose an alternative
strategy for computing the KL term in the NegBio-VAE
by constraining the prior NB(z;r,p) and the posterior
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NB(z;r ® 8, (x),p ® d,(x)) to share the same dispersion
parameter, i.e., setting d,-(x) to be 1. Then, the KL term in
Eq. (2) admits a closed-form solution:

DxL[NB(z; 1, p © 6,(x))[[NB(z; 1, p)]

Z rig pz; pL

3)
g(a,b) = logb +

, with @ € (0,1) and b > 0. The com-

plete derlvatlon can be found in appendix. Then, the final
NegBio-VAE objective becomes:

where g(a,b) is defined as:
1—ab ab log 1 ab

Z rig pu pl

“4)
Importantly, sharing the same dispersion parameter be-
tween the prior and posterior does not imply that they have
identical means or variances. For the NB distribution, the
mean is given by r(1—p)/p and the variance by r(1—p) /p?.
Thus, even when r is the same for both, different p still al-
lows the posterior to capture different distributional proper-
ties from the prior.

Both methods have advantages and limitations. The
Monte Carlo method makes no assumptions about the vari-
ational posterior but may yield higher-variance gradient es-
timates. The dispersion sharing method instead assumes a
shared dispersion parameter, enabling analytic KL compu-
tation. Although analytic KL does not guarantee lower gra-
dient variance, it simplifies optimization and often improves
training stability in practice while preserving the ability to
capture overdispersion. We compare the performance of
both strategies, and the results are presented in Sec. 5.

L= ENB(Z;r,p@zSp(x)) [1ng0 X | z

4.2. Reparameterized Sampling for NB Distribution

The second challenge in training NegBio-VAE lies in the
sampling process. The expectation term in the ELBO re-
quires reparameterized sampling from the NB distribution
to allow efficient gradient-based optimization. Reparame-
terizing discrete distributions is more challenging compared
to continuous ones, but it can be achieved through suitable
relaxation techniques. In this section, we describe how to
apply reparameterization to the NB distribution by leverag-
ing a key property: the NB distribution can be represented
as a continuous mixture of Poisson distributions, where the
mixing weight being a Gamma distribution:

NB(z;r,p) = / Poi(z|\)Gamma(\; r, . P p)d)\. (5)
o _

This implies that a sample from NB(z; 7, p) can be obtained

by first sampling A ~ Gamma(r, 27), followed by sam-

pling z ~ Poi(\).

The first step, sampling from the Gamma distribu-
tion, is straightforward to reparameterize via implicit repa-
rameterization gradients [13]. In practice, PyTorch’s
Gamma.rsample () function supports gradient propaga-
tion, as it uses the Marsaglia-Tsang algorithm in its under-
lying implementation and ensures differentiability through
implicit gradient computation. The second step, sam-
pling from the Poisson distribution, is more challenging,
as it lacks a standard reparameterizable form. To address
this, we adopt approximate relaxation techniques such as
Gumbel-Softmax Relaxation [18] and Continuous-Time
Simulation [46]. Both methods rely on a temperature
parameter to transform “hard” counts into “soft” counts,
thereby enabling differentiability. For implementation de-
tails, please see appendix.

(1) Gumbel-Softmax Relaxation. To enable dif-
ferentiable sampling from a Poisson distribution, we
adopt a relaxation-based strategy that treats the Pois-
son as a categorical distribution over a truncated support
{0,1,..., Znax }- By using the Gumbel-Softmax trick [18],
we construct a soft approximation of the discrete counts:

Z,
max 1 P :
5= 2 softmax (0g°1<>+> ,
z=0 T

where €, ~ Gumbel(0,1) is an ii.d. Gumbel noise and
7 > 01is a temperature controlling the degree of relaxation.
As 7 — 0, the soft sample z converges to the Poisson dis-
tribution.

(2) Continuous-Time Simulation. Following Vafaii
et al. [46], we adopt the continuous-time simulation
method, which leverages the connection between the Pois-
son distribution and the Poisson process. It models a
Poisson-distributed count as the number of events occurring
within the interval [0,1], where inter-arrival times follow
an exponential distribution with rate A. The soft count is
computed by simulating the inter-arrival times and accumu-
lating a temperature-smoothed approximation of the total

event count:
M
~ 1 - Sn
=S ().
n=1

where S, = Y s, 1 < n < M, {s;}M, ~
Exponential(\) and o () is the sigmoid function, 7 > 0 is a
temperature, and 7 — 0 converges to the Poisson distribu-
tion. This approach enables differentiable Poisson sampling
through reparameterizable exponential sampling.

Both Gumbel-Softmax and continuous-time relaxations
are used for the Poisson step in the NB reparameterization.
Theoretically, both approaches are valid. Empirically, under
the same temperature, we find that the continuous-time re-
laxation tends to produce smoother count samples, whereas
Gumbel-Softmax yields sharper ones. A detailed compari-
son of the two methods is provided in Sec. 5.

16292



Table 1. Reconstruction and generation performance results on four benchmark datasets. The best and second-best results are marked in
bold and underlined, respectively.

Dataset Model Reconstruction Generation
MSE | SSIM1 FID@5k | FID@10k | KID |
G-VAE 0.0377 0.6790 152.5109 152.8226 0.17884+0.0115
L-VAE 0.0377 0.7124 132.7655 131.7514 0.148410.0103
C-VAE 0.0222 0.7712 135.4452 133.4826 0.114040.0132
P-VAE 0.0125 0.8581 105.3678 104.1416 0.125040.0019
MNIST NegBio-VAE, - 0.0156 0.8487 79.6727 78.3802 0.089210.0106
NegBio-VAE, - ¢ 0.0123 0.8661 84.3853 83.0010 0.0906+0.0111
NegBio-VAE ¢ 0.0168 0.7960 87.6456 87.4101 0.10004+-0.0123
NegBio-VAE 0.0125 0.8554 106.4104 105.4089 0.116710.0094
G-VAE 0.1417 0.1731 179.8126 179.2981 0.182810.0106
L-VAE 0.1274 0.2085 181.4542 179.5956 0.184710.0112
C-VAE 0.0238 0.6390 195.3205 193.0972 0.183540.0219
P-VAE 0.0145 0.7387 145.9776 146.0128 0.1667+0.0133
Fashion-MNIST NegBio-VAE - g 0.0180 0.7132 127.5248 125.9497 0.1468 1 0.0130
NegBio-VAE, - ¢ 0.0152 0.7331 148.9795 147.7799 0.168810.0128
NegBio-VAE ¢ 0.0186 0.6773 133.0601 132.8822 0.15174+0.0149
NegBio-VAE ¢ 0.0144 0.7406 155.5468 154.1402 0.176310.0124
G-VAE 0.1027 0.4495 72.0683 69.7067 0.0607 +0.0074
L-VAE 0.0807 0.5079 91.1614 89.9475 0.0857+0.0096
C-VAE 0.0664 0.4755 89.4235 88.7412 0.0463+0.0105
P-VAE 0.0357 0.6791 60.3653 59.1037 0.05821+0.0098
CIFAR16x 16 NegBio-VAE,,c ¢ 0.0470 0.6337 40.2788 39.8336 0.0348 - 0.0065
NegBio-VAE, - ¢ 0.0456 0.6429 67.2898 65.6569 0.0727 +0.0096
NegBio-VAE ¢ 0.0388 0.6328 41.7768 41.1260 0.04521+0.0080
NegBio-VAEy 0.0189 0.8089 64.9939 63.6688 0.063410.0086
G-VAE 0.4011 0.1772 195.1377 194.0974 0.2758+0.0192
L-VAE 0.3375 0.2161 199.9303 198.8191 0.26551+0.0117
C-VAE 0.0774 0.4662 166.2762 165.7814 0.164810.0139
P-VAE 0.0343 0.6354 88.2312 87.8107 0.098510.00s8
CelebAgs x 64 NegBio-VAE, - ¢ 0.0451 0.5922 89.7370 88.4573 0.1052+0.0098
NegBio-VAE, - ¢ 0.0373 0.6165 104.3009 103.9739 0.11654+0.0084
NegBio-VAE ¢ 0.0447 0.5982 84.2972 83.6357 0.0992 1+ 0.0098
NegBio-VAE g 0.0341 0.6329 92.8698 91.3648 0.106910.0098

5. Experiments

In this section, we compare NegBio-VAE with several well-
known VAE variants on four standard benchmark datasets.
These experiments are designed to evaluate the effective-
ness of our model in terms of reconstruction quality, gen-
erative performance, and the expressiveness of the learned
latent representations for downstream tasks.

5.1. Experimental Setup

This section introduces the datasets, baselines, metrics, and
implementation details.
5.1.1. Datasets, Baselines and Metrics

We assess NegBio-VAE on four widely-used bench-
mark datasets: MNIST [8, 26], Fashion-MNIST [50],

CIFAR;j6x16 [25] and CelebA-64 [29]. The model is
compared with representative VAEs using either continu-
ous or discrete latents. Continuous baselines include Gaus-
sian VAE (G-VAE) [23], Laplace VAE (L-VAE), while
discrete baselines include categorical VAE (C-VAE) [18]
and Poisson VAE (P-VAE) [46]. We further examine
four NegBio-VAE variants: NegBio-VAEyc.g, NegBio-
VAEMc_C, NegBio-VAEDS_G, and NegBio-VAEDS_C, where
MC denotes Monte Carlo, DS denotes dispersion sharing,
and G and C indicate Gumbel-Softmax and continuous-
time reparameterization. It is worth noting that and we do
not compare against certain strong baselines such as Nou-
veau VAE (NVAE) [47] and Very Deep VAE [7] as these
models are built upon hierarchical latent structures, mak-
ing a direct comparison with our single-layer NegBio-VAE
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Figure 2. Visual reconstruction results on the MNIST (top)
and CelebA-64 (bottom) datasets using the MC-series variants of
NegBio-VAE.

unfair. Model performance is evaluated from two perspec-
tives: reconstruction and generation. For reconstruction,
mean squared error (MSE) and structural similarity index
(SSIM) measure fidelity and structural preservation after
latent compression and decoding. For generation, Fréchet
Inception Distance (FID) and Kernel Inception Distance
(KID) quantify the discrepancy between generated and real
data distributions, reflecting sample quality and diversity.

5.1.2. Implementation.

The encoder NB(z; r ® d,(x), p ® 6,(x)) is implemented
as a neural network that takes x as input and outputs ,(x),
optionally d,(x). The decoder py(x | z) is modeled as
a Gaussian distribution: py(x | z) = N(x; fo(z),0?I),
where o2 is a hyperparameter. This yields the reconstruc-
tion term: logpy(x | z) = —52||x — fo(2z)|3 + const,
which is equivalent to applying a coefficient 3 = 202 to the
KL term in the ELBO, thereby balancing the trade-off be-
tween reconstruction and prior regularization. Unless oth-
erwise specified, all VAEs use convolutional encoders and
decoders, with the latent dimensionality fixed at 256.

5.2. Reconstruction

We first evaluate the reconstruction capability of the pro-
posed method (Tab. 1). NegBio-VAE consistently achieves
performance comparable to or better than existing single-
layer VAE baselines across all datasets. Notably, the MC-C
and DS-C variants attain the lowest MSE and highest SSIM
on MNIST, Fashion-MNIST, and CIFAR 15«16, demonstrat-
ing their ability to effectively preserve both structural in-
formation and fine-grained image details. On more com-
plex datasets like CelebA-64, NegBio-VAE exhibits slightly
higher reconstruction errors, likely due to the stronger reg-
ularization introduced by its biologically inspired priors.
However, this also yields a more structured latent represen-

N0 W
SN0\t
~G OO~
— QO GWw R

(d) Sample 1 (e) Sample 2 (f) Sample 3

Figure 3. Samples randomly generated from the MNIST (top) and
CelebA-64 (bottom) datasets using NegBio-VAE,, ;-

tation (Sec. 5.4). Visual reconstruction results are presented
in Fig. 2, with additional results provided in Appendix C.

5.3. Generation

The generative performance of NegBio-VAE is assessed
by sampling from the latent space. As shown in Tab. I,
NegBio-VAE significantly outperforms traditional VAE:s,
with consistently lower FID and KID scores. The MC-
G variant shows the largest advantage, attaining the best
results across nearly all datasets. For example, reducing
FID to 39.8 on CIFARgx16. These results indicate that
the NB latent representation enhances flexibility, capturing
richer and more diverse generative patterns. On CelebA-64,
NegBio-VAE achieves the lowest FID and nearly the lowest
KID compared to all baselines. Although NVAE is origi-
nally multi-layer, a single-layer version is used for fairness;
even under this constraint, NegBio-VAE surpasses all base-
lines and could be extended to multi-layer latents to further
improve performance. Visual results are shown in Fig. 3,
with additional results in Appendix D.

5.4. Latent Analysis

We further evaluate latent representations on downstream
tasks using two settings: fragmentation prediction, testing
robustness under randomized labels, and few-shot learning,
assessing classification with limited samples. All experi-
ments are repeated 10 times, and we report mean perfor-
mance to support robust comparisons across models. NVAE
is excluded because even as a single-layer model, its latents
are spatially structured feature maps rather than dense vec-
tors, making them less compatible with standard tasks like
classification or clustering.

5.4.1. Fragmentation Prediction

To evaluate robustness and discriminative power of the
learned latent representations, we follow the setup in Vafaii
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Table 2. Evaluation of latent representations on MNIST for the fragmentation prediction task. Higher accuracy indicates more structured
and generalizable latent representations. The best and second-best results are marked in bold and underlined, respectively.

Latent Dim Model AccT(N=200) Acct(N=1000) Acct(N=5000) Acct(Shat. Dim.)
G-VAE 0.790+0.0070 0.914.9.0020 0.958.0.0020 0.890-10.0050
L-VAE 0.79810.0090 0.91249.0020 0.958.0.0020 0.892.9.0070
100 C-VAE 0.783+0.0070 0.8960.0030 0.94110.0040 0.886+0.0070
‘P-VAE 0.736+0.0110 0.888-£0.0020 0.947 +0.0030 0.862-10.0070
NegBio-VAE  0.811. 0050 0.912-9.0010 0.955+0.0030 0.898_0.0060

Table 3. Evaluation of latent representations on MNIST and CIFAR for the few-shot learning task. Higher accuracy indicates more
structured and generalizable latent representations. The best and second-best results are marked in bold and underlined, respectively.

Model Logistic Regression kNN
Acct(1-shot) Acctf(5-shot) AccT(10-shot) AccT(20-shot) Accf(l-shot) Accf(5-shot) AccT(10-shot) Acct(20-shot)
MNIST
G-VAE 0.409+0.02¢  0.66410.022  0.73610.012 0.788+0.010 0.228+0.022  0.52710.015  0.65310.024 0.756-0.008
L-VAE 041140024  0.66610.025  0.74210.012 0.79410.012 0.230+0.036  0.53410.014  0.65410.026 0.760+0.010
C-VAE 044310032  0.68310030  0.75510.011 0.807+0.012 0.28310.032  0.59310018  0.71410.013 0.791£0.011
P-VAE 0.403+0.031  0.68510.030  0.760+0.015 0.838-0.013 0.22410.023  0.49810.020  0.62910.010 0.720+0.013
NegBio-VAE = 044710031 0.71510.027  0.79010.011 0.865.0.011 0.27340.020 059110016  0.71040.011 0.786.+0.011
CIFAR
G-VAE 014240013 0.20610.016  0.21710.014 0.23810.008 0.12540.015  0.14410016  0.16210.011 0.18249.007
L-VAE 0.138+0.015  0.20210.016  0.21310.014 0.235+0.007 0.12440012 013410014  0.15110.010 0.174 +0.007
C-VAE 0.158+0.025  0.19010.018  0.22310.011 0.24010.013 013140018  0.17610.015  0.19410.010 0.21640.009
P-VAE 015410020 020310016  0.24410.013 0.26110.012 0.12010.012  0.17310.015  0.188+0.013 0.20510.010
NegBiO-VAE 0.167:&01)23 0-221:t0.016 0.255;&01)11 0-2661()_010 0-133:t0A024 0.19210_014 0.20710.012 0.233:&()‘012

et al. [46], using MNIST with a fixed latent dimensional-
ity of 100 and convolutional encoder-decoders for all mod-
els. We randomly split the test set into two sets of 5,000
samples each and train logistic regression classifiers us-
ing N = 200, 1000, 5000 labeled samples from one set.
We then report accuracy on the other set (Tab. 2). For
NegBio-VAE, we use the variant of DS-C. We also assess
latent space structure via empirical shattering dimensional-
ity [3, 21, 36, 46], defined as the average binary classifica-
tion accuracy over disjoint class partitions using linear clas-
sifiers. As shown in Tab. 2, all models exhibit improved per-
formance with increasing training samples. NegBio-VAE
consistently ranks first or second, achieving 0.811 accu-
racy at NV = 200 and 0.898 under the shattering metric.
This demonstrates that NB latents enhance separability and
robustness even under severe label perturbations, whereas
conventional models like C-VAE are less resilient.

5.4.2. Few-shot Learning

We further evaluate the adaptability of the learned repre-
sentations in low-data regimes through few-shot learning
on MNIST and CIFAR;4x16. For each dataset, we use a
k-shot setup with k£ € {1,5,10,20}, sampling & labeled
samples per class for training and evaluating on the test
set. Two lightweight classifiers—logistic regression and

k-nearest neighbors (KNN)—are used to assess the effec-
tiveness of the latent representations. As shown in Tab. 3,
NegBio-VAE consistently ranks first or second across all k
values. On MNIST, it achieves the highest accuracy with
logistic regression, with the gap widening as labeled sam-
ples increase, e.g., 0.865 at 20-shot v.s. 0.838 for the best
baseline. On CIFAR;igx16, NegBio-VAE similarly main-
tains superior performance, e.g., 0.266 at 20-shot v.s. 0.261
for the best baseline. These results show that NegBio-VAE
learns more discriminative and transferable representations,
enabling accurate classification with minimal supervision
and robust transfer across datasets of varying complexity.

5.5. Ablation Studies

To further analyze NegBio-VAE, we perform ablation
studies on MNIST, investigating the impact of the en-
coder—decoder design, 3 scaling, and the number of Monte
Carlo samples during training.

5.5.1. Encoder-Decoder Architectures

We compare encoder—decoder architectures using linear,
multilayer perceptron (MLP), and convolutional networks.
Results for linear encoders are shown in Fig. 4a, with fur-
ther analyses in Appendix E. With a linear encoder, decoder
choice strongly affects performance: MLP decoders achieve
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Figure 4. Ablation studies on decoder design, regularization strength, and the number of Monte Carlo samples in NegBio-VAE.

the lowest MSE and highest SSIM, convolutional decoders
yield the best FID and KID, and linear decoders perform
worst. These results highlight that enhancing decoder ca-
pacity, via nonlinear or convolutional architectures, is cru-
cial for both reconstruction accuracy and generative quality.

5.5.2. Effect of J Scaling

We investigate the effect of the scaling factor 5 on NegBio-
VAE performance (Fig. 4b). Small 3 values (0.2-0.4) yield
the best reconstruction (lowest MSE, highest SSIM), espe-
cially for MC-C and DS-C variants. As f increases, FID
improves and peaks around 5 = 1.0, indicating better gen-
erative fidelity. Beyond 8 > 2.0, reconstruction degrades
and generative gains diminish. Overall, smaller 3 favors re-
construction, larger 3 favors generation, and intermediate
values (= 0.6—1.0) provide the best trade-off.

5.5.3. Effect of Number of MC Samples

We examine the impact of the number of MC samples on
model performance (Fig. 4c). As the number of MC sam-
ples increases from 5 to 25, all metrics remain relatively sta-
ble for both MC-G and MC-C variants, indicating that the
proposed model is robust to the sampling variance. Specif-
ically, MC-C achieves lower MSE and higher SSIM (bet-
ter reconstruction), while MC-G attains lower FID and KID

(better generation). These results demonstrate that while in-
creasing the number of MC samples provides only marginal
gains, the model achieves a favorable balance between re-
construction and generation quality even with a few sam-
ples, confirming the effectiveness of our sampling strategy.

6. Conclusions

In this work, we presented NegBio-VAE, a generative
model leveraging the NB distribution to capture overdis-
persed latent variables. By introducing a dispersion pa-
rameter, it extends beyond standard Poisson assumptions
with minimal modification. Despite its simplicity, NegBio-
VAE improves reconstruction and generation quality across
benchmark datasets and outperforms existing VAE base-
lines in fidelity, generative quality, and the utility of la-
tent representations for downstream tasks. While NegBio-
VAE introduces greater flexibility in modeling overdis-
persed spike counts, the design choices, such as KL estima-
tion and reparameterization, affect training and representa-
tions, a deeper theoretical understanding of these trade-offs
remains open. Future work will explore adaptive reparam-
eterization strategies based on data characteristics, and ex-
tend the framework to hierarchical latent structures similar
to NVAE to further enhance model expressiveness.
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