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Abstract. Probabilistic neural architectures can reuse priors, Kullback–
Leibler (KL) terms, reparameterized samples, Monte Carlo evaluation,
and predictive distributions while assigning them to different random
objects and computational locations. This article introduces an opera-
tional framework that separates four non-equivalent axes—Bayesianity,
variationality, stochasticity, and distribution-valued computation—and
uses six questions to identify the random object, inference or regulariza-
tion location, conditioning information, sampling location, propagated
representation, and prediction rule. It formalizes Definition 1, a generic
unit-level specification criterion for a variational neuron: a hidden com-
putational unit containing an input-conditioned local variational latent
variable, a declared prior or reference distribution, a locally scoped for-
ward map, a separately computable local cost, and diagnostics at the
same declared unit index. Clause-level applications to published third-
party architectures illustrate how the criterion distinguishes example-,
representation-, weight-, output-, and unit-level probabilistic loci. EVE
(Elemental Variational Expanse) provides the controlled worked imple-
mentation. Its mechanistic experiments show fixed-checkpoint functional
sensitivity, latent-allocation changes with dimensionality, and covariance
tracking under controlled relocation of observation noise. A locked fresh
50-seed, exact 2,472-parameter comparison with a heteroscedastic out-
put model yields paired MSE, NLL, CRPS, and MACE intervals includ-
ing zero, showing closely matched predictive performance at the attained
sensitivity. Together, the framework and worked evidence provide a trace-
able method for separating structural specification, functional use, causal
relevance, semantic sensitivity, and predictive utility in probabilistic neu-
ral architectures.

Keywords: Bayesian neural networks · variational inference · varia-
tional neurons · local latent variables · EVE · computational granularity
· uncertainty quantification
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1 Introduction

Neural networks can be made probabilistic in several fundamentally different
ways. A model may place a distribution over network parameters, introduce la-
tent variables at the data, layer, sequence, or unit level, randomize hidden acti-
vations, predict an output distribution, average independently trained networks,
or combine several of these mechanisms. These constructions can all produce
samples or uncertainty scores, yet they need not describe the same unknown
quantity or perform the same form of inference. The terms Bayesian, varia-
tional, stochastic, probabilistic, and distributional should therefore not be treated
as interchangeable [1,17].

Shared devices—priors, KL terms, reparameterization, and Monte Carlo
sampling—do not imply shared probabilistic semantics. A standard BNN
represents dataset-conditioned uncertainty over parameters or functions and
predicts by marginalizing those unknowns; a variational neuron instead places
an input-conditioned local latent state inside hidden computation. The decisive
distinction is the probabilistic object and its computational location.

This distinction does not make the two constructions mutually exclusive. A
local variational state may be embedded in a broader Bayesian latent-variable
model, and a network may combine uncertainty over weights with local latent
variability. The correct label follows from the explicitly declared random objects,
conditioning evidence, inferential targets, and prediction rule.

This article makes three contributions: (i) a four-axis taxonomy organized by
six reporting questions; (ii) a generic unit-level specification criterion for varia-
tional neurons that separates structural placement of a local variational latent
variable from posterior claims; and (iii) a controlled empirical case study, in-
stantiated with EVE (Elemental Variational Expanse), testing fixed-checkpoint
functional use, latent dimensionality, sensitivity to manipulated noise struc-
ture, paired predictive effects, and exact-capacity comparison with an output-
heteroscedastic model.

The primary contribution is an operational reporting framework for distin-
guishing probabilistic objects, inference loci, sampling loci, propagated represen-
tations, and prediction rules. Definition 1 specializes this framework to unit level
by giving an operational criterion for using the architectural term variational
neuron precisely, distinct from layer-, representation-, parameter-, and output-
level formulations. EVE serves as the concrete implementation used for empirical
instantiation, while the generic architectural term remains variational neuron.
The case study focuses on fixed-checkpoint use, latent-dimensional allocation,
response to a controlled change in the data-generating process, and predictive
differences after exact parameter matching within one deliberately controlled
regression family. Cross-architecture applicability is demonstrated structurally
in Section 5 and through a clause-level application of Definition 1 to published
third-party architectures in Appendix A. Sections 4.6 and Appendix C further
distinguish the implemented variationally regularized regime from Bayesian ex-
tensions developed for taxonomic completeness.
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1.1 Relation to earlier variational-neuron studies

The first EVE study introduced the local variational computational unit with
an input-conditioned latent distribution, reference regularization, reparameter-
ized local computation, and locally observable variational quantities [41]. The
second studied the design space created by latent dimensionality, local capacity
control, and temporal persistence [42]. The present article adds a distinct layer
of formalization: the four-axis/six-question cross-architecture reporting frame-
work, Definition 1 and its partition rule, the posterior-claim rule, and the staged
A–E claim–evidence hierarchy.

This organizing perspective complements UQ surveys centered on uncertainty
sources and semantics, method families, measures, calibration, and benchmark
practice [17,20]. The architecture-reporting protocol jointly records random ob-
ject, inference location, conditioning, sampling site, propagated representation,
and prediction rule, together with a predeclared unit-local routing boundary
and progressively stronger evidence claims. The controlled EVE study supplies
worked evidence for those levels, while the cross-architecture tables and clause-
level third-party application exercise the structural criterion outside the EVE
design itself.

2 Four Distinct Axes of Probabilistic Neural
Computation

The taxonomy is multi-label: each architecture is evaluated independently along
the four axes before any global label is assigned. Section 5 applies this framework
to representative probabilistic architectures.

Each construction is described through six fields:

1. Which object is random?
2. Where is inference or regularization located?
3. On which evidence is the distribution conditioned?
4. Where does sampling occur?
5. What representation is propagated to the next computation?
6. How is the final prediction formed?

Operational use. To classify a new architecture, first fill these six fields; then
identify the random object and inference/regularization locus, locate sampling
and the propagated object, and assign the four axis labels. For a unit-level claim,
subsequently apply Definition 1 clause by clause. Ambiguous cases are assigned
to the coarsest computational granularity directly supported by the declared
architecture. The clause-by-clause record makes each decision auditable; Ta-
ble 6 applies the procedure to four published third-party architectures spanning
example-, representation-, weight-, and output-level variational computation.

A candidate axis is retained only when architectures can differ on that prop-
erty without a necessary corresponding change on the others. Bayesian updating,
variational optimization, sampled computation, and distribution-valued repre-
sentation therefore remain distinct.
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probabilistic neural
architecture

Bayesianity
evidence update and marginalization

Variationality
optimized tractable distribution

Stochasticity
sampled variable or operator

Distributional computation
represented object and location

1. Which object
is random?

2. Where is
inference located?

3. On which
evidence is it
conditioned?

4. Where does
sampling occur?

5. What is
propagated?

6. How is the final
prediction formed?

Fig. 1. Classification map for probabilistic neural architectures. The four axes are
non-equivalent descriptive dimensions. The six questions identify the random object,
inference location, conditioning evidence, sampling location, propagated representa-
tion, and prediction rule.

2.1 Bayesianity

Bayesian modelling specifies uncertain quantities, assigns priors, conditions on
observations, and forms posterior or posterior-predictive quantities by integra-
tion. In neural networks, the uncertain quantities may be weights, functions,
hyperparameters, local latent variables, or combinations thereof [5,29,33,49].
Bayesianity is therefore a property of the probabilistic model and its inferen-
tial semantics, not of one particular neural architecture.

2.2 Variationality

Variational inference (VI) replaces an intractable inference problem by optimiza-
tion over a tractable family [10]. It can approximate a posterior over weights, a
posterior over latent variables, a filtering distribution, or another target density.
Conversely, Bayesian inference can be performed by Markov chain Monte Carlo
(MCMC), Laplace approximation, expectation propagation, sequential Monte
Carlo, or other methods without VI [19,24,40,47]. Variationality is therefore not
synonymous with Bayesianity.

2.3 Stochasticity

A stochastic computation samples a random variable or uses a randomized op-
erator. Dropout masks, noisy activations, latent codes, randomized gates, and
posterior weight samples all satisfy this broad criterion. Stochasticity alone does
not identify the source, inferential meaning, or uncertainty semantics of the ran-
domness [7,23,30,48].
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Table 1. Four complementary concepts in probabilistic neural computation.

Concept Defining question Typical mathematical ob-
ject

Properties requiring sepa-
rate identification

Bayesianity Which unknowns receive
priors, are conditioned on
data, and are marginal-
ized?

p(θ | D), p(z | x,D),
posterior-predictive inte-
grals

Approximation algorithm,
distributional family, and
neural implementation

Variationality Which tractable distribu-
tion is optimized relative
to a target density?

qλ(θ) or qϕ(z | x) and
an evidence lower bound
(ELBO)

Bayesian semantics and in-
terpretation of the target
density

Stochasticity Which random variable
or randomized operator is
sampled?

Noise ϵ, masks, gates,
weights, or latent states

Posterior semantics, cali-
bration, and uncertainty
interpretation

Distributional
computation

At what architectural loca-
tion is a distribution repre-
sented and used?

A local family qi(zi | hi),
a sample, or distributional
statistics

Random object, condition-
ing, propagated represen-
tation, and prediction rule

2.4 Distributional computation and granularity

A deterministic neuron maps an input representation to a point-valued activa-
tion. A distribution-valued hidden unit parameterizes or samples from a local
distribution that participates in the forward computation. This architectural
property does not by itself determine whether the distribution represents epis-
temic uncertainty, aleatoric uncertainty, ambiguity, controlled variability, com-
pression, or another learned latent structure.

The declared random object, sampling site, propagated representation, and
decision output are distinct descriptive roles:

random object ̸≡ sampling location ̸≡ propagated object ̸≡ decision output.
(1)

For example, the local reparameterization trick samples a pre-activation even
though the modeled random object remains a weight posterior. Conversely, a
local latent distribution may be sampled inside a unit and reduced to a point-
valued activation before the next layer. Sampling location therefore does not
determine inferential identity.

The non-implications are immediate. A model can be Bayesian but not vari-
ational, as in an MCMC-trained BNN; variational but not a BNN, as in a VAE
with point-estimated weights; stochastic but neither Bayesian nor variational, as
in fixed noise injection; or distributional only at the output, as in heteroscedastic
regression. Hybrid architectures may combine all four properties.

3 Bayesian Neural Networks: Posterior Uncertainty over
Models

3.1 Canonical formulation

Let D = {(xn, yn)}Nn=1 be a dataset and let w denote network parameters. A
canonical BNN specifies a prior p(w) and likelihood p(D | w) =

∏
n p(yn | xn, w).
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Bayes’ rule gives

p(w | D) =
p(D | w)p(w)

p(D)
, p(D) =

∫
p(D | w)p(w) dw. (2)

For a new input x∗,

p(y∗ | x∗,D) =

∫
p(y∗ | x∗, w) p(w | D) dw. (3)

The defining operation is posterior marginalization over plausible models or func-
tions, not merely the existence of a distribution somewhere in the network [33,49].

Exact inference is generally intractable. Bayes by Backprop learns a vari-
ational distribution over weights [11,18]; probabilistic backpropagation uses
assumed-density and expectation-propagation ideas [19]; stochastic gradient
Langevin dynamics (SGLD) approximates posterior sampling [47]; Laplace
methods approximate the posterior around a mode [40]; and Stochastic Weight
Averaging-Gaussian (SWAG) fits a Gaussian approximation from an optimiza-
tion trajectory [31]. These methods differ, but their inferential object remains
model parameters or induced functions conditioned on the dataset.

3.2 Weight-space and observation uncertainty

Weight uncertainty and input-dependent observation variance are distinct prob-
abilistic objects. Their standard decomposition and function-space context are
retained in Appendix C; the main text proceeds to the unit-level construction
because the paper’s contribution concerns computational location rather than a
new BNN uncertainty decomposition.

4 Variational Neurons: Unit-Level Variational Latent
Computation

4.1 Variational inference and amortized latent variables

For observed variables x and unknowns u with joint density p(x, u), VI selects
a tractable family Q and solves

q∗(u) = argmin
q∈Q

KL(q(u) ∥ p(u | x)) . (4)

Equivalently, it maximizes

L(q) = Eq(u)[log p(x, u)]− Eq(u)[log q(u)] = log p(x)−KL(q(u)∥p(u | x)). (5)

The optimization machinery is agnostic to whether u denotes weights, a global
code, a trajectory, or a local hidden state [9,10].

A VAE specifies pθ(x, z) = p(z)pθ(x | z) and an amortized family qϕ(z | x)
[27,39]:

LVAE(x) = Eqϕ(z|x)[log pθ(x | z)]−KL(qϕ(z | x)∥p(z)) . (6)
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For a diagonal Gaussian,

qϕ(z | x) = N
(
µϕ(x),Diag(σ2

ϕ(x))
)
, z = µϕ(x) + σϕ(x)⊙ ϵ, ϵ ∼ N (0, I).

(7)
Importance weighting and normalizing flows provide richer variational families
[12,38]. A conventional VAE usually places the latent at the example or model-
component level. The same variational machinery can instead be attached explic-
itly to a declared hidden computational unit. In this article, variational neuron
is the generic architectural term for such a unit when it satisfies the unit-level
specification criterion below; the term alone does not assert Bayesian posterior
semantics.

A KL term alone does not establish Bayesian posterior inference. For

J = Ltask + βKL(qϕ(z | h)∥p(z)), (8)

the expression is a negative ELBO when the task term is the negative expected
log-likelihood of a specified joint model, β = 1, and qϕ approximates the cor-
responding posterior. Otherwise, it is more accurately described as variational
regularization.

4.2 Local latent computation

Let hi ∈ Rdi be the deterministic input to hidden unit i. A minimal variational
neuron introduces zi ∈ Rki and

qϕi
(zi | hi, ci) = N

(
µϕi

(hi, ci),Diag(σ2
ϕi
(hi, ci))

)
, (9)

where ci may contain contextual, layer-level, or temporal information. A sample
is obtained by

zi = µϕi(hi, ci) + σϕi(hi, ci)⊙ ϵi, ϵi ∼ N (0, I), (10)

and participates explicitly in

ai = Fηi(hi, zi). (11)

A prior or reference distribution pψi
(zi | ci) constrains the local state. It may be

standard normal, contextual, hierarchical, or temporal [13,36,45]. The concrete
implementation name used in the controlled experiments is EVE (Elemental
Variational Expanse). The mechanistic tests use its nonlinear k = 2 configu-
ration; the fresh exact-capacity follow-up uses a separately declared Gaussian-
affine k = 1 configuration that preserves the local latent object while matching
the comparator’s Gaussian predictive family.

For a set I of declared units, a common end-to-end objective is

Jlocal = Eϵ[ℓtask(f(x; z), y)] +
∑
i∈I

βiKL(qϕi
(zi | hi, ci)∥pψi

(zi | ci)) +Ω, (12)
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where βi ≥ 0 weights the local KL contribution of unit i, and Ω may contain local
capacity, homeostatic, temporal, or anti-collapse constraints. In the principal
nonlinear k = 2 benchmark configuration, Ω is instantiated explicitly as a soft
activity-band penalty; the Gaussian-affine exact-capacity refinement fixes the
local latent mean to zero and does not use this band. For a minibatch B, define
the mean latent-energy statistic

m̂i(B) =
1

|B|
∑
h∈B

∥µϕi
(h, ci)∥22, (13)

and

Ωband = λband

∑
i∈I

[
(ℓi − m̂i)

2
+ + (m̂i − ui)

2
+

]
, (r)+ = max(0, r). (14)

The mechanistic experiments use λband = 0.05 and [ℓ, u] = [0.01, 2.0] for the
nonlinear k = 2 EVE variational neuron. The Gaussian-affine exact-capacity
refinement is an explicitly stated exception with fixed zero latent mean and no
activity-band term. For a conditionally factorized layer,

qΦ(z | h, c) =
∏
i∈I

qϕi
(zi | hi, ci),

Klayer =
∑
i∈I

KL(qϕi(zi | hi, ci) ∥ pψi(zi | ci)) .
(15)

This factorization represents multiple local variational processes. Units usually
output a point activation from a sample or declared statistic; propagation of
distribution parameters must be declared explicitly.

4.3 Operational computational granularity

Neuron-level granularity is anchored to a declared partition P = {I1, . . . , IJ} of
local latent coordinates. The boundary below is an operational reporting conven-
tion that provides an explicit architectural criterion for the declared computa-
tional granularity. Clause (iv) makes unit-level attribution falsifiable by requir-
ing a local computation before downstream mixing, while alternative granularity
conventions remain compatible when stated explicitly.

Definition 1 (Unit-level variational specification criterion). A latent
component indexed by i is specified at unit level only when all of the following
are part of the architecture specification rather than introduced post hoc for
analysis: (i) the model contains an explicitly indexed local variable zi and
conditional family qϕi(zi | hi, ci); (ii) a prior or reference distribution is declared
for that variable; (iii) the unit partition is declared independently of whether the
variational family happens to factorize coordinate-wise; (iv) zi is consumed by
a locally scoped map ai = Fηi(hi, zi) before downstream mixing, so the random
state has a declared local computational role rather than merely being one



Variational Neurons and Bayesian Neural Networks 9

coordinate of a jointly consumed representation-level latent; (v) the inferential
or regularization contribution attached to that declared unit is separately com-
putable from the stated model factorization, even when parameters are shared;
(vi) diagnostics such as local scale, divergence, mean energy, or utilization are
reported at the same predeclared unit index; and (vii) latent dimension and
parameter-sharing conventions are part of the model specification.

Worked near-miss. Consider an architecture that predeclares indexed Gaussian
blocks zi, assigns each a reference distribution, exposes a decomposable local
KL and indexed diagnostics, and fixes latent dimensions and parameter sharing
before analysis, but concatenates all zi and sends them directly to one shared de-
coder G(h, z) with no locally scoped Fηi(hi, zi) before mixing. It satisfies clauses
(i)–(iii) and (v)–(vii) but fails clause (iv), so it is not a collection of variational
neurons under Definition 1. Thus indexing, coordinate-wise factorization, and re-
portability are insufficient under this convention. A contrasting partial-coupling
case is given in Appendix A: parameter sharing and downstream mixing are
allowed once each zi has first entered its declared local map.

A k-dimensional latent vector is one unit when its distribution, reference,
cost, local forward role, and diagnostics are jointly defined. It represents k scalar
units only when the architectural partition and coordinate-wise or block-wise
local maps are explicitly declared before analysis and the corresponding quan-
tities are separately reportable. An inseparable joint latent consumed only by
a shared decoder is therefore an example-, representation-, block-, or layer-level
latent rather than a collection of variational neurons. Under the terminology of
this article, a declared hidden unit satisfying Definition 1 is a variational neu-
ron; EVE is the specific implementation name used here, not the name of the
criterion itself.

Definition 2 (Partition-level unit-wise variational criterion). A con-
struction has unit-level variational organization under a stated partition if and
only if every declared unit satisfies Definition 1.

Here, neuron refers to the declared computational granularity of the model,
independently of its software implementation.

Architectural consequences of the declared partition. Under Eq. (15), let Ki =
KL(qϕi

(zi | hi, ci)∥pψi
(zi | ci)), with Klayer =

∑
i∈I Ki. Within an architecture

that already satisfies Definition 1, the shared index i aligns latent state, local
cost, local forward dependence, and diagnostics, enabling unit-wise decompo-
sition even with parameter sharing. This is an accounting consequence of the
declared architecture, not evidence that the local state is functionally impor-
tant or semantically identified. Equation (11) also defines three local policies:
zi ∼ qϕi

, zi = µϕi
, and zi ∼ pψi

, corresponding to learned-state sampling, mean-
state execution, and reference-state intervention.

The corresponding computation is written as explicit pseudocode in Ap-
pendix C; Eqs. (9)–(12) contain the full mathematical specification.



10 Y. Ruffenach

4.4 Strict posterior inference and local variational regularization

Two regimes must be distinguished.

Strict probabilistic reading. There is an explicit observed or declared local target
a∗i , with a local likelihood or factor p(a∗i | zi, hi, ci), and a joint model under
which qϕi

(zi | hi, ci, a∗i ) approximates a posterior. For unit coefficient one,

Li = Eqϕi
[log pηi(a

∗
i | zi, hi, ci)]−KL(qϕi

∥pψi
). (16)

This is a genuine local ELBO. A coefficient βi ̸= 1 gives a weighted variational
objective.

End-to-end architectural reading. The unit has no independent target a∗i . Its
local state is composed by later layers and trained through the downstream task
likelihood. The data-fit term is global while the KL contribution is local. Equa-
tion (12) is then described as locally factorized variational regularization inside
a globally trained stochastic network. The term posterior should be reserved for
a declared posterior target.

Accordingly, the phrase unit-level variational latent inference is appropriate
when an explicit latent-variable model defines the posterior target. When the
same local distribution is trained only through a downstream task plus a local
reference penalty, the more precise generic description is unit-level variational
regularization; no posterior semantics are implied.

4.5 Deterministic policy, dimensionality, and observability

At the forward-computation level, σϕi
(hi, ci) → 0 concentrates the local distri-

bution toward a point state. This is not generally a finite-objective limit under a
fixed non-degenerate prior because KL(N (µ, σ2)∥N (0, I)) diverges as σ → 0. In
the principal nonlinear k = 2 EVE configuration, β = 10−3, encoded log-variance
clipping [−7, 3], and the mean-energy band λband = 0.05, [ℓ, u] = [0.01, 2.0] are
fixed protocol safeguards; the band constrains ∥µ∥2, not σ2. The Gaussian-affine
exact-capacity refinement instead fixes µ = 0, parameterizes local scale by soft-
plus, omits the band, and retains β = 10−3. These choices provide protocol
control, while non-degeneracy is assessed empirically through the reported local
diagnostics and interventions. Separately, replacing a sampled state by its mean
defines a deterministic deployment policy even when the learned distribution
remains non-degenerate.

The latent dimension ki is not network width. Width counts units; ki counts
local latent degrees of freedom. The atomic case ki = 1 defines one stochastic
coordinate, whereas ki > 1 defines a local latent subspace.

Suppressing contextual arguments for readability, let Σi = Diag(σ2
i ) denote

the local covariance. Useful diagnostics include

Ki, ∥µi∥2, trΣi, I(zi; y | hi), (17)
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where I(zi; y | hi) denotes conditional mutual information when such a quan-
tity is estimated. These quantities can characterize local activity or utilization;
they do not by themselves prove a particular uncertainty semantics or general
predictive advantage.

4.6 When is a variational neuron Bayesian?

The experiments in Section 6 instantiate a variationally regularized stochastic
architecture with point-estimated weights: each declared unit uses qϕi

(zi | hi)
and a KL penalty to a reference distribution, and prediction may use samples or
means. This defines Level 1 in the taxonomy. Bayesian inference over local latent
variables and a hierarchical construction that also places priors over weights
define Levels 2 and 3, whose joint densities and posterior-predictive equations
are formalized in Appendix C.

5 Comparison with Related Probabilistic Architectures

The variational-neuron construction considered here is characterized by the joint
specification of a local random object, conditioning, reference distribution, de-
composable cost, forward role, and indexed diagnostics. EVE denotes the con-
crete implementation evaluated in the experiments. Section 1.1 states the delta
from the directly overlapping earlier work [41,42]. The present contribution is
the unit-level specification and partition rule, the four-axis/six-question report-
ing framework, the explicit posterior-claim rule, the evidence hierarchy, and the
controlled empirical suite.

The nearest neighbors differ primarily in random object and computational
location. Representative examples include example-level latent-variable models
and variational bottlenecks [27,3], weight-space VI with local reparameteriza-
tion [26], output and final-layer probabilistic methods [25,63], and probabilistic
Transformers [60]. Shared stochastic or variational ingredients do not by them-
selves satisfy the predeclared unit-local routing criterion of Definition 1. Ap-
pendix A retains the detailed crosswalk, including VRNNs, probabilistic embed-
dings, distribution-valued state propagation, and layer-wise Transformer latents.

6 Controlled Empirical Tests

The empirical suite provides a controlled worked application of the reporting
framework on one synthetic regression family and one EVE architecture fam-
ily. Four mechanistic experiments use ten paired data splits; the exact-capacity
output comparison is a locked fresh-seed follow-up using 50 paired splits. The
experiments instantiate structural specification, fixed-checkpoint functional use,
latent dimensionality, controlled noise response, and predictive comparison after
parameter-count matching.
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6.1 Common protocol and compared architectures

The data-generating process is the one-dimensional heteroscedastic regression
problem in Appendix B. Each seed uses independently generated training, val-
idation, and test sets of 2,500, 900, and 1,500 observations. Models are trained
with Adam, learning rate 2×10−3, gradient clipping at norm 5, validation every
25 epochs, and early stopping after a minimum of 500 epochs. The nonlinear
k = 2 experiments use Monte Carlo sampling as specified in Appendix B; the
Gaussian-affine exact-capacity refinement has an analytic Gaussian marginal and
is scored without Monte Carlo approximation.

The principal mechanistic model is the nonlinear k = 2 EVE variational
neuron: it has a diagonal-Gaussian latent inside a hidden encoder–decoder cell,
standard-normal reference, point-estimated weights, β = 10−3, and the latent-
energy range penalty in Eqs. (13)–(14); it contains 2,472 trainable parameters.
The fresh exact-capacity follow-up uses a separately declared Gaussian-affine k =
1 EVE configuration with q(z | h) = N (0, sϕ(h)

2) and local map a = mη(h)+gz,
also with 2,472 parameters. Its β = 10−3 setting was selected on validation seeds
40–59 and locked before evaluation on fresh seeds 400–449. Comparator details
are in Appendix B.

6.2 Results summary

All detailed paired tables, confidence intervals, intervention definitions, figures,
per-seed values, and architecture-specific results are retained in Appendix B; the
main text reports the inferentially decisive quantities. Here, resolved/unresolved
means that the paired 95% CI excludes/includes zero; this is descriptive, not a
decision rule. Table 2 summarizes one representative quantity from each evidence
level while preserving the interpretation boundaries.

The exact-capacity comparison isolates predictive behavior under matched
parameter count and predictive family. The final Gaussian-affine EVE and
heteroscedastic output model each contain 2,472 trainable parameters and
are evaluated on 50 fresh paired splits after validation-only locking. Paired
MSE, NLL, CRPS, and MACE intervals all include zero: −0.0000046
[−0.0000331, 0.0000240], −0.000098 [−0.000494, 0.000298], −0.0000095
[−0.0000394, 0.0000204], and −0.000031 [−0.000443, 0.000381], respectively.
The corresponding Wilcoxon p-values are 0.848, 0.383, 0.466, and 0.947.
Collectively, the paired estimates show closely matched predictive performance
on this controlled family at the attained sensitivity.

At n = 50, the attained 80%-power sensitivity, computed from the observed
paired standard deviations under a two-sided α = 0.05 normal approximation, is
4.0×10−5 for MSE, 5.5×10−4 for NLL, 4.2×10−5 for CRPS, and 5.7×10−4 for
MACE. The observed paired effects are smaller than these thresholds, providing
a quantitative resolution context for the closely matched predictive results.

Across the six nominal calibration levels in the fresh exact-capacity compar-
ison, the paired MACE difference is −0.000031 (95% CI [−0.000443, 0.000381]),
with its interval including zero; the 90% coverage/width values in Appendix B
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Table 2. Selected descriptive results from the illustrative EVE worked example. Com-
plete numerical tables and figures are in Appendix B. Differences are EVE minus
comparator or intervention minus ordinary EVE sampling as stated.

Test Key numerical result Supported interpretation

Deterministic hidden
cell

∆MSE = −0.000196
[−0.000534, 0.000142]; ∆NLL
= −0.451 [−0.459,−0.443]

Probabilistic behavior differs while
point accuracy remains closely
matched.

Fresh exact
2,472-parameter output
match (n = 50)

all four primary paired CIs
include zero; representative NLL
∆ = −0.000098
[−0.000494, 0.000298]

Predictive performance is closely
matched at the attained sensitivity,
with all four primary paired intervals
including zero.

Fixed-checkpoint latent
intervention

full-state shuffle: ∆MSE = 0.0994
[0.0631, 0.136]; variance-only
shuffle: ∆MSE = −0.000147
[−0.000340, 0.0000460], ∆NLL
= 0.0842 [0.0297, 0.139]

Functional use and variance-specific
probabilistic sensitivity at fixed
weights.

Latent dimension
k ∈ {1, 2, 4, 8}

predictive intervals versus k = 2
include zero; at k = 8, ∆ KL
participation ratio = +3.25
[2.57, 3.93]

The participation ratio quantifies how
local KL allocation is distributed
across latent coordinates, comple-
menting predictive metrics.

Controlled noise
relocation

center-tracking slope = 1.13
[0.975, 1.29]; mean center
correlation = 0.992
(approximately [0.985, 0.998])

Learned covariance tracks the con-
trolled relocation of observation vari-
ability.

provide representative interval diagnostics. Fixed-checkpoint interventions an-
swer a complementary question. Shuffling the complete local latent state changes
point prediction, whereas shuffling only the input-conditioned variance leaves
MSE near zero while changing NLL, CRPS, coverage, and interval width. The
k sweep quantifies descriptive latent allocation across dimensions. Relocating
the conditional-noise peak produces corresponding covariance movement; for
slope 1.13, unit slope lies inside the 95% CI, consistent with unit tracking.
Together, these tests instantiate the evidence hierarchy across structural, func-
tional, causal, semantic, and predictive levels within the controlled EVE setting.

6.3 Empirical interpretation

The five experiments address complementary questions: structural specification,
functional utilization, same-checkpoint causal relevance, descriptive latent al-
location, controlled sensitivity to known observation variability, and capacity-
controlled predictive utility. Their combined role is methodological: they instan-
tiate how progressively stronger claims can be evaluated separately and reported
at their corresponding evidence level for one EVE configuration.

7 Discussion and Generic Reporting Recommendations

7.1 What does a variational neuron represent?

Before explicit identification, σ2
i (hi) and KLi(hi) should be described as local

latent dispersion, local variational activity, or latent representation variability. A
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local state may react to observation noise, ambiguity, distribution shift, model
conflict, capacity limits, or optimization pressure. The words epistemic and
aleatoric require additional modelling assumptions or empirical identification.

A hybrid model can separate variation over weights from variation over local
states:

p̃q(y | x,D) :=

∫∫
p(y | x,w, z)qλ(w | D)qϕ(z | x,w) dz dw. (18)

Variation across w samples concerns the approximate posterior over models;
variation across z samples concerns the local state conditional on the input and
model.

An aleatoric interpretation is available when the latent participates in an
observation model such as

z ∼ pψ(z | x), y ∼ pθ(y | x, z), (19)

and the resulting conditional variability is identified relative to the likelihood.
Calibration remains separate from semantics and should be evaluated through
proper scoring rules, coverage, risk–coverage analysis, and robustness under shift
[17,35].

7.2 Structural specification and evidence levels

Definition 1 answers the structural question: is there a separately specified local
variational object at the declared computational index? Functional utilization,
causal effect, uncertainty semantics, and predictive benefit are then addressed
through the corresponding evidence levels.

The reporting hierarchy has five levels: (A) structural specification, (B) func-
tional utilization, (C) same-checkpoint causal relevance, (D) semantic identifi-
cation, and (E) predictive utility. These are non-equivalent claims. Appendix A
retains the complete evidence table mapping each level to the evidence available
in this study.

The hierarchy aligns each empirical result with its evidential role. Same-
checkpoint interventions directly support Levels B and C on the synthetic bench-
mark. Controlled noise relocation provides Level D evidence that local covariance
is responsive to the manipulated source of observation variability within this
controlled setting. The exact-capacity comparison provides a Level E statement
calibrated to the stated data-generating process.

7.3 Terminological rule

The taxonomy uses established field terminology. The generic term variational
neuron denotes a declared hidden unit satisfying Definition 1, while EVE is re-
tained as the implementation name used in the worked case study. Standard
field-wide acronyms retain their usual meanings. Appendix A provides the com-
plete vocabulary and worked mappings.
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7.4 Scope and evidential context

The empirical scope comprises one synthetic 1-D regression family, one EVE
architecture family, ten-seed mechanistic analyses, and a 50-seed exact-capacity
follow-up. A complementary structural application records Definition 1 clause
by clause for four published third-party architectures, spanning example-,
representation-, weight-, and output-level variational loci. The nonlinear k = 2
EVE configuration fixes β = 10−3, band coefficient 0.05, bounds [0.01, 2.0],
and log-variance clipping [−7, 3]; the Gaussian-affine k = 1 refinement fixes
latent mean to zero, omits the band, and retains β = 10−3. The Gaussian-affine
setting was selected on validation seeds 40–59 before evaluation on fresh seeds
400–449, with earlier exploratory runs informing the architectural refinement.
Together, these design choices define a transparent evidential context for the
structural and empirical claims reported here.

8 Conclusion

Bayesian neural networks and variational neurons can reuse probabilistic de-
vices while differing in random object and computational location. This paper
contributes the four-axis/six-question framework, Definition 1, the posterior-
claim rule, and the evidence hierarchy; EVE provides the worked implementa-
tion. Clause-level applications to published VAE, VIB, locally reparameterized
BNN, and VIFO architectures show how the criterion distinguishes example-,
representation-, weight-, output-, and unit-level probabilistic organization from
architectural descriptions. In the EVE case study, fixed-checkpoint interven-
tions provide benchmark-specific evidence of functional sensitivity; variance-
only shuffling changes probabilistic scores while MSE remains near zero; latent-
dimensional analyses characterize internal allocation; relocated noise is tracked
by learned covariance; and fresh exact-capacity differences in MSE, NLL, CRPS,
and MACE show closely matched predictive performance at the attained sensi-
tivity. Together, the structural applications and controlled experiments demon-
strate the framework’s use for separating structural, functional, causal, semantic,
and predictive claims, while Bayesian Levels 2 and 3 provide formal extensions
of the taxonomy.

Data and Code Availability Protocol and numerical results are in Section 6 and
Appendix B; code and generated outputs are in the project repository, and the archival
article is at Zenodo DOI 10.5281/zenodo.21870089.

Disclosure of Interests. The author declares no competing interests relevant to this
article.

https://github.com/jwayu-com/eve-variational-neurons-reproducibility
https://doi.org/10.5281/zenodo.21870089
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A Extended Positioning of Related Architectures

A.1 Contribution map

Table 3. Established foundations and the contribution formalized in this article.

Element Established foundation Contribution formalized here

Probabilistic
taxonomy

Bayesian deep-learning
and
uncertainty-quantification
surveys

Four non-equivalent axes combined with
six operational questions that identify
the random object and its computational
path

Local latent
computation

variational autoencoders
(VAEs), deep
latent-variable models,
stochastic hidden units,
and information
bottlenecks

A unit-level specification criterion with
declared conditioning, local reference
distribution, decomposable variational
cost, explicit forward role, and unit-
indexed diagnostics

Controlled case
study

Deterministic,
heteroscedastic, and
stochastic regression
benchmarks

Ten-seed mechanistic tests plus a fresh
50-seed exact-capacity output compari-
son on one controlled regression family

A.2 Relation to broad UQ taxonomies

Table 4 makes the novelty boundary explicit. The comparison emphasizes
complementary organizing dimensions across established UQ syntheses and the
architecture-reporting framework used here.

Table 4. Organizing emphasis of representative UQ syntheses and the complementary
architecture-reporting protocol used here.

Source Primary organizing emphasis Relation to this article

Gawlikowski et al.
[17]

Sources/types of uncertainty,
estimation-method families,
uncertainty measures,
calibration, benchmarks, and
applications

Broad UQ landscape; this article in-
stead requires one architecture in-
stance to report random object, infer-
ence/regularization location, condition-
ing, sampling site, propagated represen-
tation, and prediction rule jointly

Hüllermeier and
Waegeman [20]

Conceptual and methodological
separation of aleatoric and
epistemic uncertainty and ways
to represent/quantify them

Semantic uncertainty distinction; this
article does not replace it, but sepa-
rates semantic identification from struc-
tural placement and functional/causal
evidence

This article Computational object/location
plus staged claim–evidence
reporting

Adds the six-field architecture record,
the predeclared unit-local routing con-
vention, and explicit separation of struc-
ture, use, fixed-checkpoint causal rele-
vance, semantics, and predictive utility
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A.3 Evidence hierarchy

Table 5. Evidence levels that should be reported separately.

Level Question Evidence in this article

A.
Structural
specification

Is a local variational
object architecturally
defined at unit index i
before analysis?

Yes: Definition 1, predeclared partition, locally scoped
map, local family/reference, cost, and indexed diagnos-
tics

B.
Functional
utilization

Is the local state
actually used by the
trained computation?

Yes on the controlled benchmark: reference, zero, mean-
state, and shuffled-state interventions change down-
stream behavior

C. Same-
checkpoint
causal
relevance

Does changing the local
state while holding all
learned weights fixed
change predictions or
predictive uncertainty?

Yes on the controlled benchmark: full-state shuffling
changes MSE and probabilistic scores; variance-only shuf-
fling changes probabilistic scores without a resolved MSE
effect

D. Semantic
identifica-
tion

Does the local
distribution represent a
named source such as
aleatoric or epistemic
uncertainty?

Controlled noise relocation provides benchmark-specific
semantic sensitivity under the known data-generating
process

E.
Predictive
utility

Does the mechanism
improve task
performance,
calibration, or proper
scores?

The fresh 50-seed exact-capacity comparison shows
closely matched MSE, NLL, CRPS, and MACE at the
attained sensitivity

A.4 Clause-level application to published architectures

To exercise Definition 1 outside the EVE design, Table 6 applies the seven clauses
directly to four published architectures selected for distinct probabilistic loci: a
standard VAE [27], Deep VIB [3], a variational BNN using local reparameter-
ization [26], and VIFO [63]. The record follows each architecture’s published
random object, reference or prior, computational partition, routing, variational
cost, diagnostics, and dimensional specification. The resulting labels are deter-
mined by architectural location rather than by the shared presence of KL terms
or reparameterized samples.
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Table 6. Clause-level application of Definition 1 to published third-party architectures.
The middle column records clauses (i)–(vii) in order using the granularity stated by
the source architecture.

Architecture Clause-wise architectural record (i)–(vii) Resulting generic
description

VAE [27] (i) example-level qϕ(z | x); (ii) declared p(z); (iii)
example-level latent vector; (iv) sampled z enters a
shared decoder; (v) example-level KL; (vi) latent-level
diagnostics; (vii) latent dimension specified

Variational
latent-variable
model at example
granularity

Deep VIB [3] (i) input-conditioned bottleneck distribution; (ii) de-
clared reference r(z); (iii) representation-level bottleneck;
(iv) sampled bottleneck enters the predictor; (v) bottle-
neck KL; (vi) representation-level diagnostics; (vii) bot-
tleneck dimension specified

Variational
bottleneck at
representation
granularity

Local-
reparameterization
BNN [26]

(i) inferential object is the weight posterior q(w); (ii)
weight prior; (iii) weight-space factorization; (iv) sam-
pled pre-activations provide a local estimator; (v) weight-
space KL; (vi) weight/posterior diagnostics; (vii) weight
shapes and sharing specified

Variational
Bayesian neural
network with local
sampling and
weight-space
inference

VIFO [63] (i) final-layer/output-space variational variable; (ii)
Bayesian variational formulation at the predictive inter-
face; (iii) output-space organization; (iv) probabilistic
computation occurs at the final-layer interface; (v) final-
layer variational objective; (vi) output-level diagnostics;
(vii) output dimension specified

Final-layer
variational method
at predictive-
interface
granularity

These four applications span distinct loci while using the same clause order
and reporting fields. The format therefore provides an auditable architecture
record that can be reproduced from published descriptions and compared directly
across independent annotations.

A.5 Boundary cases for Definition 1

The local-routing clause is intentionally a convention about computational or-
der, not parameter ownership. For a partial-coupling architecture in which each
zi first enters ai = Fηi(hi, zi) and only the resulting ai are subsequently mixed,
clause (iv) is satisfied even if all Fηi share parameters. By contrast, if the la-
tent blocks are mixed into a joint representation before any unit-indexed map,
the construction falls on the representation/block side of the declared boundary.
These two cases make the operational boundary explicit while remaining com-
patible with alternative terminology when its granularity convention is declared.

A.6 Detailed comparison with neighboring architectures

The following subsections apply the same random-object and computational-
location distinctions to representative neighboring families; the goal is compar-
ative positioning rather than reclassification by acronym.
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Latent-variable models, stochastic units, and bottlenecks VAEs
and stochastic backpropagation established amortized inference for input-
conditioned latent variables [27,39]. Deep exponential families, variational
recurrent neural networks, and ladder VAEs distribute latent variables across
depth or time [13,36,45]. Their latents are usually organized by example, layer,
hierarchy, or sequence. A variational neuron uses analogous machinery at a
declared unit or small block.

Stochastic hidden units predate modern VI and include randomized activa-
tions, gates, and conditional-computation variables [7,23,55,30,46,48]. Sampling
a hidden variable is not sufficient for the variational-neuron label: the local dis-
tribution, reference, cost, conditioning, and forward role must also be identified.

The deep variational information bottleneck, Information Dropout, and
the Markov Information Bottleneck provide especially close antecedents
through input-conditioned stochastic representations and decomposable KL-like
constraints [2,3,59]. Probabilistic embeddings similarly represent inputs by
distributions [34,44]. Coordinate-wise KL factorization alone does not move
these methods to neuron level. They qualify as unit-level variational-neuron
equivalents only when a predeclared architectural partition routes the corre-
sponding local latent states through locally scoped computations satisfying
Definition 1; otherwise they remain representation-, layer-, or embedding-level
constructions.

Weight uncertainty, dropout, and local reparameterization Variational
BNNs place approximate posteriors over weights [11,18]. The local reparameteri-
zation trick may sample pre-activations, but the inferential random object is still
the weight posterior [26]. Dropout can be interpreted as regularization, model
averaging, or, under particular assumptions, approximate variational Bayesian
inference [16]. In all cases, the object specified by the joint model takes prece-
dence over the location at which equivalent noise is sampled.

Output distributions and final-layer inference Heteroscedastic regression
predicts parameters of an observation distribution and is distributional at the
predictive interface rather than inside the hidden unit [25]. Variational Inference
on the Final-Layer Output (VIFO) and Variational Classification place varia-
tional inference at the final-layer or pre-softmax interface [67,63]. These con-
structions are close comparators because they introduce probabilistic structure
near prediction while leaving the hidden-unit location distinct.

Distribution-valued hidden representations and Transformers
Assumed-density, expectation-propagation, moment-propagation, and prob-
abilistic backpropagation methods transform approximate beliefs through
neural computations [50,53,19,40,61,62]. Analytic covariance propagation,
Gaussian-mixture propagation, output-distribution bounds, and probabilistic
state-space layers extend this family [52,56,57,58,64]. Their defining question
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is what distributional representation crosses layers. By contrast, a variational
neuron may produce an ordinary point-valued activation after using its latent
state; the propagated object must be reported rather than inferred from the
presence of a distribution inside the unit.

Probabilistic Transformers also occupy several locations. Bayesian Trans-
former language models and BayesFormer place uncertainty over parameters or
use dropout-related approximations [60,65]; Della introduces layer-wise latent
variables [54]; variational attention randomizes an attention representation [66];
and Gaussian-process Transformer approaches attach probabilistic semantics to
attention kernels or units [51]. None of these labels alone identifies a variational
neuron; the six reporting questions remain necessary.

Additional neighboring architectures are summarized in Appendix A (Ta-
ble 8).

A.7 Recommended generic descriptions

The taxonomy is expressed through established terminology centered on the
primary random object, its conditioning, and its computational location. This
article retains one model name, EVE, for the specific variational-neuron imple-
mentation studied experimentally, while generic architectural descriptions are
used for cross-model comparison. Standard field-wide acronyms such as BNN,
VI, VAE, KL, ELBO, MSE, NLL, CRPS, and Monte Carlo sampling retain their
usual meanings.

A compact generic vocabulary is sufficient; EVE remains the proper name of
the implementation studied here:

1. Bayesian neural network or variational Bayesian neural network : posterior
uncertainty over weights or functions, with the inference method named
explicitly.

2. Variational latent-variable model : an amortized latent distribution approxi-
mating a declared posterior under an explicit latent-variable model.

3. Variational neuron: a declared hidden computational unit containing an
input-conditioned local variational latent variable whose reference distri-
bution, local cost, forward role, and unit-indexed diagnostics are explicitly
specified.

4. Unit-level variational regularization: the training regime in which such a vari-
ational neuron is optimized through a downstream task plus a local reference
penalty, without an automatic posterior claim.

5. Stochastic hidden unit : randomized hidden computation when no stronger
variational or Bayesian semantics are established.

6. Heteroscedastic output model : an architecture that predicts input-dependent
observation-distribution parameters at the output interface.

Table 7 applies these descriptions to representative architectures.
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Table 7. Worked application of the taxonomy using generic, established descriptions.

Example Primary random
object / location

Inference or
regularization

Propagated
representation /
sampling

Generic description

VAE [27] Example-level
latent z

Amortized
posterior under a
latent-variable
model

Sampled z enters
a decoder

Variational latent-
variable model

VRNN [13] Time-indexed
sequence latent zt

Sequential
amortized VI

Sampled temporal
latent conditions
recurrent
computation

Sequential latent-
variable model

VIB [3] Input-conditioned
bottleneck
representation

Variational
information-
bottleneck
objective

Sampled
representation
enters predictor

Variational bottle-
neck / stochastic
representation

MC dropout
[16]

Dropout masks;
under specific
assumptions,
approximate model
uncertainty

Regularization or
approximate VI
depending on
assumptions

Masked operators
produce point
activations per
realization

Stochastic com-
putation; approx-
imate Bayesian
interpretation only
under stated as-
sumptions

Deep ensembles
[28]

Whole trained
model member

No VI required Predictions from
separate
deterministic
models are
aggregated

Ensemble

BayesFormer
[60]

Dropout-induced
Transformer
parameter/operator
uncertainty

Approximate
variational-dropout
construction

Sampled dropout
operators

Approximate
Bayesian Trans-
former

Della [54] Layer-wise latent
variables

Variational latent
inference across
layers

Layer latents fused
with hidden states

Layer-wise vari-
ational latent
Transformer

VIFO [63] Final-layer/output-
space variable

VI at predictive
interface

Probabilistic final
representation

Final-layer varia-
tional method

Heteroscedastic
regressor [25]

Observation-
distribution
parameters at
output

Output likelihood Deterministic
hidden path emits
mean and variance

Heteroscedastic
output model

EVE (this
study)

Input-conditioned
latent zi inside a
declared hidden
unit

Local reference KL
plus downstream
task loss

zi is sampled or
replaced by a
declared statistic
before downstream
computation

Variational neuron
with unit-level
variational regular-
ization
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Table 8. Complete positioning relative to neighboring probabilistic architectures. The
decisive comparison is the modeled random object, its conditioning, and its location.

Family Primary object and
conditioning

Principal role Distinction from a variational neu-
ron

Standard BNN Weights or functions
conditioned on dataset
D

Posterior model
averaging

Global model-level inferential object
rather than a per-input local hidden
state

Deep or
sequential
latent model

Global, layered, or
temporal latents

Generative
modelling or
stochastic dynamics

Usually organized at example, layer,
hierarchy, or sequence granularity

Stochastic
hidden-unit
network

Hidden variable or
gate sampled during
computation

Multimodal
prediction or
conditional
computation

Sampling alone does not establish lo-
cal variational semantics or decom-
posable reference cost

Variational
bottleneck or
probabilistic
embedding

Input-conditioned
representation
distribution

Compression,
invariance, or
metric learning

Typically representation- or
embedding-level unless unit granu-
larity is explicitly declared

Variational
BNN with local
reparameteriza-
tion

Weight posterior
represented through
sampled
pre-activations

Efficient gradient
estimation

Local sample, but global weight-
space random object

Probabilistic
state-
propagation
network

Distributional input,
activation, or
approximate belief

Layerwise
transformation of
uncertainty

Focuses on propagated distribu-
tional state; local latent identity and
cost may differ

Final-layer
variational
method

Output or pre-softmax
latent

Output-space
inference and
calibration

Predictive-interface location rather
than hidden-unit location

Hetero-
scedastic,
mixture,
prior-network,
or evidential
output
[8,32,4,43]

Observation
distribution or
output-parameter
distribution

Predictive density
or output
uncertainty

Distribution appears at the output
interface

Ensemble or
mixture of
experts [28,22]

Whole-model member
or routing variable

Model diversity or
conditional routing

Whole-model or routing location;
compatible but non-equivalent

Distributional
reinforcement
learning [6]

Return distribution Distributional value
or return prediction

Task-output location rather than a
local hidden-state inferential object

Variational
neuron (EVE
instantiation in
this study)

Local latent zi
conditioned on hi, ci

Local distributional
hidden
computation

Declared unit, local reference/cost,
forward dependence, and indexed di-
agnostics
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B Controlled Experiment Specification and Evaluation
Protocol

B.1 Data-generating process

For each split,

x ∼ U [−4, 4], (20)

y | x ∼ N
(
m(x), σ2(x)

)
, (21)

m(x) = 0.85 tanh(1.35x) + 0.10x, (22)

σ(x) = 0.07 + 0.52 exp

[
−1

2

( x

0.85

)2
]
+ 0.05 (1 + exp[−3(|x| − 2.7)])

−1
. (23)

The conditional mean is smooth, with a central high-variance region and mild
edge variance. The controlled noise-relocation experiment replaces the center of
the main Gaussian variance component by −1.75, 0, or +1.75 while leaving the
conditional mean unchanged.

B.2 Seeds, optimization, and evaluation

The mechanistic experiments use seeds s ∈ {0, . . . , 9}. The final exact-capacity
Gaussian-affine configuration is selected using validation performance on de-
velopment seeds s ∈ {40, . . . , 59} and then evaluated on fresh paired seeds
s ∈ {400, . . . , 449} with no test-driven configuration changes. For every seed,
independent training, validation, and test sets contain 2,500, 900, and 1,500 ob-
servations. Generator seeds are 10000+10s+1, 10000+10s+2, and 10000+10s+3.
Models are trained on CUDA-enabled GPUs using Adam with learning rate
2× 10−3 and gradient clipping at norm 5. Training is capped at 1,200 full-batch
epochs; validation is checked every 25 epochs, with early stopping after a mini-
mum of 500 epochs and 12 checks without improvement.

The nonlinear k = 2 stochastic experiments use 32 Monte Carlo samples
during training, 64 during validation, and 256 during predictive evaluation; their
NLL uses a moment-matched Gaussian and CRPS is computed from predictive
samples. The Gaussian-affine exact-capacity refinement has an analytic Gaus-
sian marginal, so MSE, Gaussian NLL, Gaussian CRPS, and calibration are
evaluated exactly without Monte Carlo scoring noise. Predictive calibration is
evaluated at nominal coverages 50%, 60%, 70%, 80%, 90%, and 95%, summa-
rized by mean absolute coverage error (MACE); 90% coverage and width are
additionally reported as representative interval diagnostics.

B.3 Architectures

Principal nonlinear EVE variational neuron. The mechanistic EVE model has
one scalar deterministic input state feeding a 1–32–32–4 encoder that parame-
terizes (µ, log σ2) for a diagonal-Gaussian latent with k = 2. A 3–32–32–1 de-
coder maps [z, h] to the hidden activation. The reference distribution is N (0, I),
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β = 10−3, and the latent-energy range penalty has coefficient 0.05 with target
range [0.01, 2.0]. Encoder log-variance is clipped to [−7, 3]. The model has 2,472
trainable parameters.

Gaussian-affine EVE exact-capacity refinement. The fresh output-level control
uses a separately declared k = 1 EVE configuration with deterministic trunk
1–42–53, a 53→ 1 deterministic mean head, and a 53→ 1 local scale head. It
defines

qϕ(z | h) = N
(
0, sϕ(h)

2
)
, a = mη(h) + gz, (24)

where sϕ(h) = softplus(rϕ(h))+10−4, g > 0 is a learned scalar gain, the reference
is N (0, 1), and β = 10−3. Hence the declared stochastic unit activation has the
analytic marginal a | h ∼ N (mη(h), g

2sϕ(h)
2). In this one-unit regression head,

the scalar prediction is the identity readout of a, so the terminal unit is the
declared locus for the exact-capacity control. Predictive scale is carried by the
local latent state, and the fixed zero latent mean makes the mean-energy band
unnecessary. The trainable count is (1× 42 + 42) + (42× 53 + 53) + (53 + 1) +
(53 + 1) + 1 = 2,472. The final β setting is locked from validation seeds 40–59
before fresh seeds 400–449.

Auxiliary regularization sensitivity. A separate five-seed, fixed-k = 2, hidden-
width-32 retraining-time control on the same synthetic family used 500 epochs
per configuration and omitted the latent-energy band penalty, contrasting β =
5× 10−2 with β = 10−4. Mean local KL changes from 0.056 to 4.280 and mean
latent energy ∥µi∥2 from 0.029 to 7.909, while test MSE is 0.0776 versus 0.0779,
CRPS 0.1275 versus 0.1278, and mean predictive standard deviation 0.2252 ver-
sus 0.2275. This retraining-time control characterizes sensitivity to β under the
stated auxiliary configuration; same-checkpoint causal sensitivity is addressed
separately by the fixed-checkpoint intervention protocol. The result shows that
large β-driven changes in the internal variational regime can coexist with similar
output metrics.

Capacity-matched deterministic hidden cell. The deterministic hidden-cell com-
parator uses a 1–32–32–4 encoder and a 5–32–32–1 decoder and has 2,536 train-
able parameters. It uses a learned global Gaussian observation variance but has
no local latent variable or local KL term.

Standard heteroscedastic output comparator. The standard output compara-
tor has 1,158 parameters. Its hidden computation is deterministic; an input-
dependent variance head predicts the observation scale at the output interface.
This model serves as the preliminary output-location comparator, while the
matched 2,472-parameter model below provides the exact-capacity comparison.

Exact-capacity heteroscedastic output comparator. The output model uses the
same deterministic trunk 1–42–53, two output coordinates for predictive mean
and raw scale, and one learned global raw-scale offset. Its count is (1×42+42)+
(42× 53 + 53) + (53× 2 + 2) + 1 = 2,472, exactly matching the Gaussian-affine
EVE refinement.
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B.4 Paired analysis

All headline effects are computed seed-wise before aggregation. For a metric M
and paired models A and B,

ds = MA,s −MB,s, d̄ =
1

n

n∑
s=1

ds. (25)

Two-sided 95% Student-t intervals are reported for d̄ as uncertainty summaries
for the paired effects. The mechanistic experiments use n = 10; the fresh exact-
capacity comparison uses n = 50 and additionally reports two-sided Wilcoxon
signed-rank checks and deterministic paired-bootstrap intervals.

Fresh-50 sensitivity. Using the observed paired standard deviations and a nor-
mal approximation for a two-sided α = 0.05 test at 80% power, the fresh-50
sensitivity corresponds to mean paired differences of approximately 4.0 × 10−5

for MSE, 5.5× 10−4 for NLL, 4.2× 10−5 for CRPS, and 5.7× 10−4 for MACE.
The observed point estimates are smaller than these values. This calculation
quantifies the attained resolution and situates the closely matched aggregate
predictive results within it.

B.5 Fixed-checkpoint intervention protocol

For each seed, one k = 2 EVE variational neuron is trained once. Without
modifying any learned weights, the test set is reevaluated under six policies: or-
dinary local-distribution sampling, local mean-state execution, standard-normal
reference sampling, zero latent state, complete latent-state permutation across
inputs, and input-conditioned variance permutation across inputs. Common la-
tent and observation random numbers are reused wherever the policy permits.
This design isolates downstream sensitivity to the latent mechanism at a fixed
checkpoint.

B.6 Latent-dimensionality protocol

Latent dimensions k = 1, 2, 4, 8 are evaluated with hidden widths selected to keep
capacity close to the k = 2 reference. The resulting parameter counts are 2,514,
2,472, 2,523, and 2,456. In addition to predictive metrics, the analysis records
total KL, KL per latent dimension, latent mean energy, covariance trace, and
a KL participation ratio computed from mean per-dimension KL contributions.
The participation ratio serves as a descriptive allocation statistic, while task
relevance is assessed separately through predictive metrics and interventions.

B.7 Controlled noise-relocation protocol

For each seed, three datasets reuse the same input samples and standardized
Gaussian noise draws while moving only the center of the dominant conditional-
noise component. The learned covariance trace is evaluated on a fixed input grid.



26 Y. Ruffenach

Table 9. Ten-seed paired effects of the k = 2 EVE variational neuron. Differences are
EVE minus comparator; negative values favor EVE for MSE, NLL, and CRPS.

Comparator Metric Paired ∆ 95% Student-t CI

Capacity-matched deterministic
hidden cell (2,536 parameters)

MSE −0.000196 [−0.000534, 0.000142]
NLL −0.451 [−0.459, −0.443]

CRPS −0.0152 [−0.0162, −0.0143]

Standard heteroscedastic output
model (1,158 parameters)

MSE −0.00515 [−0.00616, −0.00414]
NLL −0.0323 [−0.0367, −0.0278]

CRPS −0.00372 [−0.00463, −0.00281]

The analysis reports correlation with the known conditional standard deviation,
center of mass of learned versus true variance profiles, and the per-seed slope
relating learned noise center to the manipulated true center. Circular shifts of the
true variance profile are retained as a secondary descriptive null check alongside
the center-tracking analysis.

B.8 Detailed controlled empirical results

This section provides the complete numerical results, confidence intervals, inter-
vention definitions, and supporting figures for the controlled empirical suite.

B.9 Paired comparison with deterministic and output-probabilistic
baselines

Table 9 reports seed-paired differences, defined as EVE minus comparator. Neg-
ative values favor EVE for MSE, NLL, and CRPS. The deterministic hidden-cell
comparison is particularly informative about computational location: the deter-
ministic cell has slightly more parameters (2,536 versus 2,472), yet the paired
MSE difference remains unresolved around zero while NLL and CRPS differ
strongly.

The first row shows that a change in computational location can alter prob-
abilistic behavior while point-accuracy differences remain near zero. The 1,158-
parameter heteroscedastic model provides a preliminary output-level location
comparison, and Section B.10 follows with the matched 2,472-versus-2,472 pa-
rameter control.

B.10 Exact-capacity output comparison

To control parameter count and predictive family in the output-level comparison,
the fresh follow-up compares the standard shared-trunk heteroscedastic output
regressor with the Gaussian-affine EVE configuration in Eq. (24). Both have
exactly 2,472 trainable parameters and analytic Gaussian predictive marginals,
but the random scale is represented at different computational locations: an
output scale coordinate in the comparator versus an input-conditioned local
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Table 10. Fresh exact 2,472-parameter comparison over 50 paired seeds. Differences
are Gaussian-affine EVE minus the heteroscedastic output model; lower is better for
MSE, NLL, CRPS, and MACE.

Metric Paired
difference

95% CI Interpretation

MSE −0.0000046 [−0.0000331, 0.0000240] CI includes zero
NLL −0.000098 [−0.000494, 0.000298] CI includes zero
CRPS −0.0000095 [−0.0000394, 0.0000204] CI includes zero
MACE
(50–95%)

−0.000031 [−0.000443, 0.000381] CI includes zero

Coverage 90% +0.000480 [−0.000151, 0.001111] CI includes zero
Width 90% −0.000854 [−0.001654, −0.000054] slightly narrower EVE intervals

4 2 0 2 4
Paired difference (EVE - output) ×104

MSE

NLL

CRPS

MACE

Fresh exact-capacity comparison (50 paired seeds)

Fig. 2. Paired 95% confidence intervals for MSE, NLL, CRPS, and MACE in the fresh
50-seed exact 2,472-parameter comparison. All four intervals include zero.

latent state in EVE. The configuration is locked on validation seeds 40–59 and
evaluated on fresh seeds 400–449.

This fresh control provides a sharper capacity- and predictive-family-
matched comparison. With both parameter count and Gaussian predictive
family matched, all four primary paired intervals include zero, and the Wilcoxon
checks are concordant with those intervals. The result shows that a local
variational state and an output-heteroscedastic parameterization can occupy
different probabilistic locations while attaining closely matched predictive
behavior on this controlled family.

Fresh-seed robustness check. The exact-capacity comparison uses 50 fresh paired
seeds. Two-sided Wilcoxon signed-rank p-values are 0.848 for MSE, 0.383 for
NLL, 0.466 for CRPS, and 0.947 for MACE, concordant with the paired Student-
t intervals. EVE has the lower NLL on 30/50 seeds, while the aggregate paired
CI and Wilcoxon result show closely matched aggregate performance at the
attained resolution. The secondary predictive-standard-deviation difference is
−0.000260 (95% CI [−0.000503,−0.000017]), corresponding to slightly sharper
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Table 11. Ten-seed paired fixed-checkpoint effects for EVE relative to ordinary sam-
pling from its learned local distribution. Positive ∆MSE, ∆NLL, and ∆CRPS indicate
degradation.

Intervention ∆MSE (95% CI) ∆NLL (95% CI) ∆CRPS (95% CI)

Use local mean
instead of sampling

0.000114
[−0.000530, 0.000759]

2.82 [2.67, 2.97] 0.0186 [0.0174, 0.0197]

Sample from reference
distribution

0.0273 [0.0208, 0.0339] 0.215 [0.158, 0.272] 0.0233 [0.0175, 0.0292]

Shuffle complete latent
state across inputs

0.0994 [0.0631, 0.136] 0.713 [0.506, 0.920] 0.0769 [0.0504, 0.103]

Shuffle only
input-conditioned
latent variance

−0.000147
[−0.000340, 0.000046]

0.0842 [0.0297, 0.139] 0.00166
[0.000267, 0.00306]

Set latent state to zero 0.0196 [0.0151, 0.0241] 3.79 [3.48, 4.10] 0.0415 [0.0353, 0.0478]

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14
Paired  MSE

mean state

reference sample

shuffled state

shuffled variance

zero latent
Point accuracy

0 1 2 3 4
Paired  NLL

mean state

reference sample

shuffled state

shuffled variance

zero latent
Probabilistic score

Fixed-checkpoint latent interventions relative to ordinary local sampling

Fig. 3. Selected fixed-checkpoint intervention effects. Shuffling the full latent state
changes point accuracy, whereas shuffling only its input-conditioned variance leaves
MSE unresolved around zero but degrades NLL. Mean-state execution likewise pre-
serves point accuracy while strongly reducing predictive dispersion.

EVE predictions and reported as a descriptive sharpness diagnostic alongside
the primary metrics.

B.11 Fixed-checkpoint interventions

Functional utilization is assessed directly by training each k = 2 EVE variational
neuron once and evaluating the same checkpoint under five interventions while
keeping all learned weights fixed. Ordinary sampling from the learned input-
conditioned distribution is the reference policy. Common random numbers are
used wherever meaningful.

These interventions provide evidence of functional utilization and same-
checkpoint causal relevance on this benchmark. They also separate two roles
of the local distribution. The latent state as a whole carries information
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Table 12. Ten-seed paired differences relative to k = 2 under approximately matched
capacity. Effective latent dimension is the participation ratio computed from per-
dimension KL contributions.

k Params ∆MSE ∆NLL ∆ effective latent dimension

1 2,514 −0.000116 [−0.000625, 0.000394] 0.00193 [−0.000846, 0.00470] −0.749 [−0.894, −0.605]
2 2,472 reference reference reference
4 2,523 −0.000246 [−0.000627, 0.000135] −0.000500 [−0.00316, 0.00216] +1.17 [0.669, 1.66]
8 2,456 −0.000379 [−0.000989, 0.000230] −0.00132 [−0.00417, 0.00153] +3.25 [2.57, 3.93]

needed for point prediction, as shown by the large MSE increase after shuffling
the complete state. The input-conditioned variance, in turn, changes NLL,
CRPS, coverage, and interval width while point accuracy remains closely
matched. Semantic attribution is examined separately through the controlled
noise-relocation experiment.

B.12 Latent-dimensionality analysis

For EVE, the latent dimension k controls the number of local latent degrees of
freedom; it is not network width and does not redefine the unit partition. We
evaluate k ∈ {1, 2, 4, 8} while adjusting hidden width to keep parameter count
within approximately 2.1% of the k = 2 model: 2,514, 2,472, 2,523, and 2,456
parameters respectively.

The paired MSE, NLL, and CRPS intervals include zero for k = 1, 4, 8 rel-
ative to k = 2, while total KL and the KL participation ratio change with k.
The participation ratio is reported because it quantifies how local KL allocation
is distributed across latent coordinates, an internal structural property comple-
mentary to predictive metrics. The combined record therefore separates latent-
allocation changes from predictive effects. Dimension-wise fixed-checkpoint in-
terventions provide a natural next probe of coordinate-specific functional con-
tributions.

B.13 Controlled relocation of conditional noise

To strengthen identification beyond a single fixed heteroscedastic pattern, we
keep the conditional mean fixed while moving the high-variance region to the
left, center, or right and test whether EVE’s learned local covariance follows that
manipulation. For a given seed, the input samples and standardized Gaussian
noise draws are held fixed across the three conditions; only the conditional noise
scale changes.

Across the three manipulated conditions, the center of mass of the learned
local covariance follows the true variance center with a mean per-seed tracking
slope of 1.13 (95% CI [0.975, 1.29]). The correlation between true and learned
centers across the three conditions is also consistently high across seeds
(mean 0.992, 95% CI approximately [0.985, 0.998]). This manipulation provides
benchmark-specific semantic evidence that the learned local covariance is
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Table 13. Tracking of the manipulated conditional-noise structure over ten seeds.
Correlations compare the learned local covariance trace with the known conditional
standard deviation.

Noise location Post-training correlation 95% CI

Left 0.747 [0.653, 0.842]
Center 0.982 [0.975, 0.989]
Right 0.793 [0.667, 0.918]
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Controlled noise-location manipulation, 10 seeds

Fig. 4. Post-training correlation between learned local covariance trace and the known
conditional standard deviation after moving the high-variance region left, center, and
right.

responsive to controlled changes in observation variability under the known
synthetic data-generating process.

B.14 Complete headline numerical results

Table 14. Fresh exact-capacity output comparison. Both models contain 2,472 train-
able parameters. Values are 50-seed means with 95% confidence intervals for the model-
level mean.

Metric Heteroscedastic output Gaussian-affine EVE

MSE 0.078282 [0.076700, 0.079864] 0.078277 [0.076697, 0.079858]
NLL −0.300397 [−0.308316, −0.292478] −0.300495 [−0.308503, −0.292487]
CRPS 0.127115 [0.125987, 0.128244] 0.127106 [0.125975, 0.128236]
Coverage 90% 0.897867 [0.894959, 0.900774] 0.898347 [0.895200, 0.901493]
Width 90% 0.736140 [0.730387, 0.741893] 0.735286 [0.729632, 0.740940]
MACE
(50–95%)

0.011196 [0.009263, 0.013128] 0.011164 [0.009206, 0.013122]
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The corresponding paired differences are reported in Table 10. Model-level inter-
vals in Table 14 are descriptive; paired intervals are primary because both models
share the same 50 fresh data splits. Calibration uses all six nominal levels (50,
60, 70, 80, 90, and 95%), summarized by MACE. The final β = 10−3 setting was
chosen from a validation-only candidate grid on seeds 40–59 and locked before
seeds 400–449.

Table 15: Per-seed paired differences for the fresh exact-capacity
comparison. Differences are Gaussian-affine EVE minus the het-
eroscedastic output model.

Seed ∆MSE ∆NLL ∆CRPS ∆MACE

400 +0.000193 −0.000366 +0.000039 +0.000222
401 +0.000006 −0.000194 −0.000013 +0.000333
402 −0.000064 +0.000778 +0.000022 −0.000333
403 +0.000027 +0.001074 +0.000082 −0.000444
404 −0.000021 −0.000775 −0.000052 +0.002778
405 +0.000023 +0.001668 +0.000159 +0.000333
406 −0.000110 −0.000592 −0.000105 +0.000778
407 −0.000137 −0.000093 −0.000096 +0.000111
408 +0.000001 +0.000822 +0.000016 −0.000333
409 −0.000000 −0.000214 +0.000046 −0.000556
410 +0.000052 −0.002185 −0.000036 −0.001444
411 −0.000117 −0.003570 −0.000297 +0.001889
412 −0.000055 −0.001276 −0.000054 −0.000111
413 −0.000048 −0.001464 −0.000062 +0.000778
414 +0.000044 +0.000431 +0.000021 −0.001000
415 +0.000009 −0.000247 +0.000002 −0.004333
416 +0.000049 +0.000230 +0.000007 +0.000111
417 +0.000159 +0.003420 +0.000227 +0.002111
418 −0.000170 −0.000870 −0.000125 +0.001111
419 +0.000039 −0.002721 −0.000102 −0.001333
420 +0.000030 +0.000230 +0.000023 +0.000889
421 −0.000021 +0.001490 +0.000081 +0.000556
422 +0.000063 −0.000224 +0.000011 −0.000444
423 −0.000169 +0.000882 −0.000036 −0.001222
424 −0.000046 −0.000392 −0.000030 −0.001444
425 +0.000027 −0.000162 +0.000009 +0.000333
426 −0.000032 −0.000057 −0.000037 −0.002333
427 +0.000020 +0.000417 +0.000049 +0.001444
428 −0.000146 −0.001260 −0.000089 +0.000222
429 +0.000087 −0.001152 −0.000001 −0.000667
430 +0.000124 −0.000506 +0.000001 +0.000556
431 −0.000240 −0.002513 −0.000282 +0.000889
432 +0.000152 +0.000048 +0.000069 −0.000222
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Table 15 – continued
Seed ∆MSE ∆NLL ∆CRPS ∆MACE

433 −0.000032 +0.000052 −0.000059 −0.001667
434 −0.000028 +0.002484 −0.000004 −0.002333
435 +0.000080 −0.000533 +0.000058 +0.001889
436 +0.000129 +0.002152 +0.000241 +0.001222
437 −0.000135 −0.000531 −0.000105 −0.001111
438 +0.000097 +0.001141 +0.000097 +0.004111
439 +0.000004 −0.000256 −0.000004 +0.000000
440 −0.000046 +0.001980 −0.000049 −0.000667
441 −0.000037 −0.000664 +0.000016 +0.000000
442 +0.000023 +0.000114 +0.000017 +0.001222
443 +0.000086 +0.003016 +0.000174 +0.001667
444 −0.000038 −0.000668 −0.000075 −0.000000
445 +0.000223 +0.000655 +0.000133 −0.001333
446 −0.000031 −0.001745 −0.000056 +0.000333
447 −0.000247 −0.002141 −0.000245 −0.000667
448 −0.000010 −0.000324 −0.000024 −0.002667
449 +0.000005 −0.000299 −0.000042 −0.000778

Across the 50 fresh pairs, the two-sided Wilcoxon signed-rank p-values are
0.848 for MSE, 0.383 for NLL, 0.466 for CRPS, and 0.947 for MACE. The
numbers of negative/positive paired differences are 24/26, 30/20, 26/24, and
24/26, respectively. The paired-bootstrap 95% intervals likewise include zero
for all four primary metrics. These results replace the earlier small-seed exact-
capacity estimate for the final reported configuration.

Local-state and oracle diagnostics for the locked refinement. Across the 50 fresh
EVE runs, mean local KL is 0.505±0.032, mean q-scale is 1.005±0.026, learned
gain is 0.2225 ± 0.0030, and mean effective predictive standard deviation is
0.22351 ± 0.00605. On the ten development seeds 40–49 used for an oracle di-
agnostic against the known synthetic data-generating process, mean-function
RMSE is 0.01597 for EVE versus 0.01617 for the output model, variance RMSE
is 0.00976 versus 0.01122, and variance correlation is 0.99764 versus 0.99663.
These oracle quantities are diagnostics on development seeds, not independent
test claims.

Table 16. Controlled-noise tracking summaries over ten seeds.

Noise location Pre-training correlation Post-training correlation Absolute center error

Left −0.464 [−0.787,−0.141] 0.747 [0.653, 0.842] 0.379 [0.146, 0.612]
Center 0.150 [−0.086, 0.386] 0.982 [0.975, 0.989] 0.225 [0.128, 0.322]
Right 0.425 [0.052, 0.798] 0.793 [0.667, 0.918] 0.261 [0.045, 0.476]
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The mean tracking slope across seeds is 1.13 with 95% CI [0.975, 1.29]. Unit
slope lies within the interval, while the point estimate indicates modest over-
shoot. Together with the condition-wise correlations, this provides controlled ev-
idence that the learned local covariance follows the manipulated data-generating
variance pattern. The experiment therefore supplies the semantic-sensitivity ev-
idence level associated with this known synthetic process.

C Supplementary Formalism

This appendix collects supporting formal material for the probabilistic taxon-
omy, the generic variational-neuron construction, and its Bayesian extensions.

C.1 BNN weight space, function space, and uncertainty

Different weight configurations can encode the same or nearly the same func-
tion, and simple weight-space priors can induce complex function-space priors
[5,15]. Gaussian processes provide a direct function-space construction and re-
veal limiting relationships with infinitely wide networks [33,37]. Operationally,
BNN uncertainty concerns posterior uncertainty over predictions or functions
after conditioning on data.

In heteroscedastic regression,

y | x,w ∼ N
(
µw(x), σ

2
w(x)

)
, (26)

uncertainty in w and the conditional variance σ2
w(x) play different roles. The law

of total variance gives

Var(y∗ | x∗,D) = Ep(w|D)[Var(y∗ | x∗, w)] (27)
+Varp(w|D)(E[y∗ | x∗, w]) . (28)

The first term is commonly associated with expected data uncertainty and the
second with model uncertainty, subject to model adequacy and identifiability
[14,20,25]. Calibration and robustness remain empirical properties; approximate
BNNs can fail under misspecification, and deep ensembles provide an important
non-Bayesian reference [21,28,35].

C.2 Generic variational-neuron pseudocode

Algorithm 1 makes explicit the unit computation represented by Eqs. (9)–(12).

C.3 Bayesian extensions of the variational-neuron construction

C.4 When is a variational neuron Bayesian?

Three levels clarify the terminology. The experiments in Section 6 instantiate
Level 1, with point-estimated weights and a local reference-regularized latent
state. Levels 2 and 3 formalize Bayesian extensions of the architecture and com-
plete the taxonomic comparison across local-latent and weight-level inference
regimes.
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Algorithm 1 Generic variational-neuron computation and local variational con-
tribution.
Require: hi, ci
1: Obtain µi, σi from qϕi(zi | hi, ci)
2: ϵi ∼ N (0, I); zi ← µi + σi ⊙ ϵi
3: ai ← Fηi(hi, zi)
4: Ki ← KL(qϕi(zi | hi, ci)∥pψi(zi | ci))
5: return (ai,Ki)

Level 1: variationally regularized stochastic architecture. Weights are point-
estimated, each unit uses qϕi(zi | hi) and a KL penalty to a reference, and
prediction may use samples or means. This defines the variationally regularized
stochastic Level 1 regime, distinct from weight-posterior BNN inference.

Level 2: Bayesian inference over local latent variables. A coherent joint density
may be written as

pΘ(y, z1:L | x) = pΘ(y | hL, zL)
L∏
ℓ=1

pψℓ
(zℓ | hℓ, cℓ), (29)

with an inference family such as qΦ(z1:L | x, y) and prediction integrating over
local states. Parameters Θ may remain point-estimated.

Level 3: hierarchical Bayesian model with local latent variables (conceptual ex-
tension only). Priors are also placed over weights or functions:

w ∼ p(w), (30)
zi ∼ pψi(zi | hi, w, ci), (31)
y ∼ p(y | x,w, z). (32)

Prediction marginalizes both global and local unknowns:

p(y∗ | x∗,D) =

∫∫
p(y∗ | x∗, w, z∗)p(z∗ | x∗, w)p(w | D) dz∗ dw. (33)

This construction is simultaneously Bayesian, variational when VI is used,
stochastic, and distributional at the unit level. The properties remain concep-
tually distinct.
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