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Abstract

The neural process (NP) is a probabilistic meta-learning
model that learns distributions over functions via a global
latent variable. It enables fast adaptation in few-shot sce-
narios by leveraging past experience. However, the design
of latent variable structures and conditioning mechanisms
in NPs remains underexplored, despite their importance in
capturing diverse functional distributions. This paper pro-
poses a new variant of NPs via mixture density modeling,
referred to as the neural mixture density process (NMDP).
The NMDP decomposes model parameters into task-agnostic
and task-specific components to represent function distribu-
tions more flexibly. We train the model using a variational
EM/MM-style procedure with self-normalized importance
sampling, yielding an explicit surrogate objective for learn-
ing expressive functional priors. Compared with existing
work, our method maintains several advantages: (i) efficient
adaptation at test time by only inferring a compact task-
specific latent variable, (ii) compact task representation via
distributions in the simplex, (iii) a principled EM/MM-style
optimization with a monotonic-improvement guarantee in
the idealized exact-inference setting. Experimental results
show that our method can achieve competitive performance
with adequate explainability.

1. Introduction

In recent years, probabilistic meta-learning has emerged as
a compelling paradigm in the machine learning community
[10, 12, 13, 53, 56]. Leveraging past experience, it learns to
adapt to new tasks rapidly while providing uncertainty quan-
tification in prediction. In this work, we focus on a represen-
tative line of probabilistic meta-learning models, stochastic
process–based approaches, with particular attention to the
Neural Process (NP) framework [14]. NPs approximate the
functional prior of the underlying task distribution by rep-
resenting the context dataset into a global latent variable,
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serving as a scalable alternative to Gaussian Processes (GPs)
[51] with reduced computational cost.

However, existing variants of NPs [13, 14, 25] typically
assume Gaussian likelihoods, thereby restricting the model
to unimodal predictive distributions. Such an assumption
limits their expressiveness when modeling inherently multi-
modal function behaviors that frequently arise in real-world
tasks. In these cases, classical NP design fails to capture
the uncertainty structure and diversity of possible outputs
conditioned on the same context set.

In order to capture arbitrarily complex function distribu-
tions, we present a novel variant of NPs, termed the Neural
Mixture Density Process (NMDP). The NMDP builds on the
classical mixture density network framework [2], represent-
ing functional uncertainty through a latent variable z defined
on an L-dimensional simplex ∆L−1. The architecture de-
couples into a task-agnostic component, a set of probabilistic
density estimators, and a task-specific component that infers
the functional prior from a few-shot data points. For tractable
optimization, we derive an importance-weighted variational
objective inspired by the reweighted wake-sleep method [3],
securing stable convergence and enriching expressiveness of
the underlying function space.

Outline and Contributions. Section 2 overviews re-
lated work, followed by the background of NPs in Section 3.
Section 4 presents the proposed NMDP, its optimization
framework, and the meta-training pipeline. The subsequent
sections report experimental evaluations, analyses, and con-
cluding remarks. Primarily, our contributions are threefold:

1. Novel neural process formulation. We introduce the
NMDP, an exchangeable stochastic process model de-
signed to scale over mixture function distributions. Draw-
ing inspiration from Dirichlet processes [50], the NMDP
can theoretically approximate arbitrarily flexible distribu-
tions over functions.

2. Principled optimization objective. Departing from con-
ventional variational inference–based training of latent
variable models [14, 27, 36], we derive an importance-
weighted objective that enables robust learning of func-
tional priors within mixture distributions.
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3. Comprehensive empirical validation. We construct bench-
marks involving diverse and complex function families,
demonstrating that the NMDP achieves (i) competitive
predictive performance, (ii) well-calibrated uncertainty
estimation, and (iii) interpretable function representa-
tions.

2. Literature Review

Meta-Learning. The essence of meta-learning lies in devis-
ing mechanisms that extract transferable knowledge from
prior experience to facilitate rapid adaptation to new tasks
[1, 15, 16, 18, 19, 21, 22, 32, 42, 43, 57, 58, 61, 62]. Such
an approach alleviates the need to relearn similar tasks
from scratch, thereby improving data and computational
efficiency. Existing meta-learning frameworks can broadly
be categorized into optimization-based, context-based, and
metric-based methods. Optimization-based approaches,
exemplified by Model-Agnostic Meta-Learning (MAML)
[6, 9, 34, 44, 63, 64], formulate the problem as a bi-level op-
timization task solved via gradient-based updates. Context-
based methods, such as the NP family [13, 14, 21, 25, 40, 59],
instead learn task representations that enable fast adaptation
within a probabilistic framework. Metric-based models, typ-
ified by the Prototypical Network [30, 47], focus on learn-
ing embedding spaces that preserve task-relevant similarity
structures, particularly for few-shot image classification.

Neural Process Family. NPs provide a probabilistic
meta-learning framework in which a global latent variable
encodes the context set as functional prior, facilitating rapid
task adaptation [7, 24, 33, 35, 46, 55, 60]. However, standard
NPs often exhibit underfitting, motivating a range of method-
ological extensions to enhance representational and infer-
ential capacity. Attention-based variants [25, 26] improve
predictive accuracy through introducing a local deterministic
embedding for each data point. Convolutional formulations
such as ConvCNP [17] and ConvNP [11] incorporate trans-
lation equivariance into NP modules for generalization im-
provement, and mixture-of-experts approaches [56] employ
context-conditioned expert selection to model heterogeneous
task distributions. Geometry-aware regularization has also
been explored to refine uncertainty calibration through bi-
Lipschitz constraints [52]. Distinguished from prior works
that mainly introduce structural inductive biases into Neural
Processes, our approach focuses on designing NP modules
capable of approximating more complex stochastic processes
and developing tractable inference strategies for their effec-
tive optimization.

3. Preliminaries

Notations. Let p(τ) denote a distribution over functions,
where each sampled function is represented by τ . We define
the context set DC

τ = {(xi, yi)}ni=1 for learning functional

priors and the target set DT
τ = {(xi, yi)}n+mi=1 for prediction.

The latent variable z inferred from DC
τ serves as a compact

representation of the underlying function. This work con-
siders the distribution over functions as an exchangeable
stochastic process (SP), defined in Appendix A.

Neural Processes. The standard NPs introduce a global
latent variable that constitutes a family of SP. The corre-
sponding generative model is expressed as:

ρx1:n
(y1:n) =

∫
p(z)

n∏
i=1

N (yi;µθ([xi, z]),Σθ([xi, z])) dz,

(1)

where the input to the generative network is the concatena-
tion of the latent variable z and the index variable xi. The
functions {µθ,Σθ} parameterize the mean and covariance
of the predictive Gaussian distribution, respectively.

Approximate Inference. As the exact forms of the func-
tional prior and posterior are generally intractable, varia-
tional inference is employed to optimize an approximate
evidence lower bound (ELBO) for the NPs, as defined in
Eq. (2):

LNP(θ,ϕ) = Eqϕ(z|DT
τ )

[
ln p(DT

τ |z; θ)
]

−DKL

[
qϕ(z|DT

τ ) ∥ qϕ(z|DC
τ )
]
.

(2)

Here, the approximate posterior qϕ(z|DT
τ ) and the approxi-

mate prior qϕ(z|DC
τ ) share the same neural structure. The

target observations are assumed to be conditionally inde-
pendent given the latent variable such that p(DT

τ |z; θ) =∏n+m
i=1 p(yi|xi, z; θ).

4. Methodology
This section details a novel exchangeable SP, referred to as
the proposed NMDP, formulates the approximate optimiza-
tion objective with inference strategies, and presents some
theoretical analysis.

4.1. Neural Mixture Density Process
The type of global latent variables and the way to condi-
tion them in generative processes are key design choices
in the NP family. Motivated by this insight, we propose
the NMDP framework, in which a set of probability density
functions is shared across all tasks, and the latent variable
z, constrained to a simplex ∆L−1, governs the mixture over
expert components.

In other words, the NMDP defines a family of ex-
plicit mixture distributions for meta-learning. Here, η
and ψ denote the parameters of the prior inference net-
work p(z|DC

τ ; η) and the generative network p(DT
τ |z;ψ),

respectively. In particular, ψ comprises the parameters
of a set of probabilistic density networks, represented as
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{ψ1, ψ2, . . . , ψL}. The purpose of meta-training is to dis-
cover the shared probabilistic components {pψl

(·|·)}Ll=1 that
best explain the meta-learning datasets and uncover the clus-
tering property among tasks.

Generative Processes. As depicted in Fig. 1, the proba-
bilistic neural module comprises a Dirichlet latent variable
z ∈ ∆L−1 and a set of L probabilistic density networks with
deterministic parameters ψ = {ψl}Ll=1. Accordingly, the
generative process for a single function τ can be character-
ized as follows.

ρx1:n
(y1:n | ψ) =

∫
Dir(z;α)

n∏
i=1

[
L∑
l=1

zl pψl
(yi|xi)

]
dz.

(3)
Eq. (3) shares a form similar to Eq. (1) in NPs, but the gen-

erative distribution over functions in the NMDP framework
exhibits greater expressiveness, as highlighted in Remark 1.
Importantly, the latent variable z in NMDPs linearly modu-
lates the different probabilistic components. An illustrative
example is provided below.

Example 1 (Gaussian Neural Mixture Density Processes)
Consider the task-relevant latent variable z ∼ Dirη(z;α)
and a collection of Gaussian density experts
pψl

(y|x) = N(y;µψl
(x),Σψl

(x)). Then the condi-
tional predictive density of a Gaussian NMDP takes the
form

p(y|x, z) =
L∑
l=1

zlN(y;µψl
(x),Σψl

(x)).

Remark 1 In principle, the proposed NMDPs can approxi-
mate arbitrary function distributions when sufficiently many
probabilistic components {pψl

(·|·)}Ll=1 are used to span the
task distribution [28, 39].

Optimization Objectives. We aim to maximize the like-
lihood of the conditional distribution p(DT

T |DC
T ) in meta-

learning, where T is a batch of sampled tasks. Moreover, by
introducing latent variables, this likelihood can be factorized
as shown in Eq. (4).

p(DT
T |DC

T ) =
∏
τ∈T

[∫
p(DT

τ |z;ψ)p(z|DC
τ ; η)dz

]
. (4)

Here p(z|DC
τ ; η) = Dirη(z;α) defines the Dirichlet func-

tional prior with the concentration parameter α, which is
implicitly conditioned on the context data points DC

τ . The
generative likelihood of target data points can be rewritten
as

p(DT
τ |z;ψ) =

n+m∏
i=1

[
L∑
l=1

zlpψl
(yi|xi)

]
(5)
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Figure 1. Neural Architectures of the NMDP. The prior inference
network is a permutation invariant and task-specific network to
parameterize a Dirichlet distribution Dir(z;α). The generative
module corresponds to a collection of probability density networks
with z to formulate mixture distributions.

In Bayesian inference, the posterior plays a crucial role.
With the Dirichlet functional prior p(z|DC

τ ; η) = Dirη(z;α)
and the generative distribution p(DT

τ |z;ψ) in the NMDP, the
posterior can be written in the form

p(z|DT
τ ,D

C
τ ) =

Dirη(z;α)
∏n+m
i=1

[∑L
l=1 zlpψl

(yi|xi)
]

∫
Dirη(z;α)

∏n+m
i=1

[∑L
l=1 zlpψl

(yi|xi)
]
dz
.

(6)

Note that the derived functional posterior is generally in-
tractable because the denominator involves a non-analytical
integral.

In the following sections, we consider a single task τ ∈ T

to formulate equations for ease of presentation, but the model
is trained over a batch of tasks during meta-learning.

4.2. Tractable Optimization with Importance Sam-
pling

In the same way as Eq. (2), one may derive an ELBO for
the log-likelihood L(η, ψ) := ln p(DT

τ |DC
τ ) associated with

Eq. (4). However, such an approach relies on an auxiliary
variational distribution and may introduce a posterior ap-
proximation gap.

Instead, we optimize an EM/MM-style surrogate objec-
tive inspired by the reweighted wake-sleep algorithm [3]. Let
Θ = (η, ψ) denote the model parameters and Θt = (ηt, ψt)
denote the parameters from the previous outer iteration. The
resulting surrogate objective for the conditional marginal
likelihood is formulated as follows:
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max
η,ψ

L(η, ψ) = Ep(z|DT
τ ,D

C
τ ;Θt)

[
ln p(DT

τ , z|DC
τ ; Θ)

]
= Ep(z|DT

τ ,D
C
τ ;Θt)

ln p(DT
τ |z;ψ)︸ ︷︷ ︸

Mixture Distribution

+ ln p(z|DC
τ ; η)︸ ︷︷ ︸

Dirichlet Prior

 .
(7)

It can be observed that Eq. (7) comprises a generative mix-
ture distribution term and a Dirichlet functional prior term,
and the distribution inside the expectation is treated as fixed
when optimizing terms inside the bracket.

Remark 2 Eq. (7) defines the ideal EM surrogate objec-
tive of the NMDP. Under exact posterior evaluation and
exact surrogate maximization, the corresponding EM/MM
procedure recovers the standard monotonic-improvement
property.

Since it is intractable to directly sample from the posterior
p(z|DT

τ ,D
C
τ ; Θt), we cannot derive a Monte Carlo estimate

of Eq. (7). To address this, we employ a self-normalized
importance sampling strategy, using the current prior from
the previous outer iteration p(z|DC

τ ; ηt) as the proposal dis-
tribution to generate inference particles. In this way, we can
formulate an importance-weighted optimization objective
LIW(η, ψ) as follows.

max
η,ψ

LIW(η, ψ) = Ep(z|DC
τ ;ηt)

[
ωt(z) ln p(D

T
τ , z|DC

τ ; Θ)
]

≈ LIW-MC(η, ψ;B) =

B∑
b=1

ω̂
(b)
t ln p(DT

τ , z
(b)|DC

τ ; Θ)

=

B∑
b=1

ω̂
(b)
t

[
ln p(z(b)|DC

τ ; η) + ln p(DT
τ |z(b);ψ)

]
,

(8)

where the (unnormalized) importance weights satisfy
ωt(z) ∝ p(DT

τ | z;ψt) under the proposal p(z|DC
τ ; ηt).

The inference particles are drawn B times from the proposal
distribution z(b) ∼ p(z|DC

τ ; ηt), and the self-normalized
importance weights are computed via:

ω
(b)
t = p(DT

τ | z(b);ψt),

ω̂
(b)
t =

ω
(b)
t∑B

b′=1 ω
(b′)
t

=
p(DT

τ | z(b);ψt)∑B
b′=1 p(D

T
τ | z(b′);ψt)

.
(9)

Please refer to Appendix C for more derivation details
about the above equations.

4.3. Training and Prediction
Given the above optimization objective, the NMDP is instan-
tiated with neural modules comprising a context-conditioned

Dirichlet prior network and a mixture-of-experts generative
network, as depicted in Fig. 1; complete architectural details
are provided in Appendix D.2.

Algorithm 1: Meta-Training NMDPs.
Input :Task distribution p(τ); Batch size |T|; Number of

particles B; Learning rate λ; Total iterations Niter.
Output :Meta-trained model parameters η and ψ.

1 Initialize the model parameters η0 and ψ0;
2 for t = 0 to Niter − 1 do

// E-step: Estimate importance
weights

3 Initialize gradients: ∇ηL← 0,∇ψL← 0;
4 for each task τ ∈ T (a batch of tasks) do
5 Perform sampling to obtain particles

z(b) ∼ p(z|DC
τ ; ηt) for b = 1, . . . , B;

6 Compute the self-normalized importance weights
{ω̂(b)}Bb=1 via Eq. (9);

7 Accumulate gradients for this task:
∇ηL +=

∑B
b=1 ω̂

(b)∇η ln p(z(b)|DC
τ ; η);

8 ∇ψL +=
∑B
b=1 ω̂

(b)∇ψ ln p(DT
τ |z(b);ψ);

9 end
// M-step: Update meta model

parameters
10 Average gradients over the batch: ∇ηL← ∇ηL/|T|,

∇ψL← ∇ψL/|T|;
11 Execute gradient updates: ηt+1 ← ηt + λ∇ηL;
12 ψt+1 ← ψt + λ∇ψL;
13 end

Iterative Steps in Meta-Training. As shown in Algo-
rithm 1, the meta-training process iteratively optimizes the
model parameters over a batch of tasks T. In each itera-
tion, it consists of two main steps: (i) E-step, where for
each task we sample particles from the current functional
prior p(z|DC

τ ; ηt) and compute importance weights; and (ii)
M-step, where we update the parameters η and ψ by max-
imizing the importance-weighted surrogate objective aver-
aged across the task batch. Fig. 2 illustrates the optimization
process in detail.

By iterating these steps until convergence, the procedure
follows an approximate EM/MM-style surrogate optimiza-
tion rationale, where the posterior expectation is approxi-
mated by self-normalized importance sampling and the sur-
rogate is optimized by gradient-based updates, as discussed
in Remark 2.

Predictive Distribution. During meta-testing, the con-
text set DC

τ is fed into the prior inference network to in-
duce the Dirichlet functional prior p(z|DC

τ ; η) = Dirη(z;α).
With the meta-trained NMDP’s parameters η and ψ, the
predictive distribution of a new data point (x∗, y∗) can be
written with a closed-form expression by marginalizing out
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Figure 2. Optimization Process with Surrogate Functions for Neural Mixture Density Processes. The red block depicts the iterative
refinement of the surrogate objective. The blue block illustrates the EM/MM-style surrogate optimization rationale w.r.t. the marginal
likelihood L(ηt, ψt) under the learned context-conditioned Dirichlet prior. From left to right, the surrogate is constructed using the
previous parameters {ηt, ψt} and then approximately optimized by maximizing LIW-MC(η, ψ;B). T denotes the maximum number of inner
optimization steps used to approximately optimize the surrogate at each outer iteration.

the latent variables as follows:

p(y∗|x∗,DC
τ ; η, ψ) =

∫
Dirη(z;α)

[
L∑
l=1

zlpψl
(y∗|x∗)

]
dz

=

L∑
l=1

αl∑L
l′=1 αl′

pψl
(y∗|x∗) =

L∑
l=1

α̂lpψl
(y∗|x∗),

(10)

where [α1, . . . , αL] and [α̂1, . . . , α̂L] denote the concentra-
tion and mean parameters of the learned Dirichlet functional
prior, respectively.

4.4. Understanding NMDPs
Model Design. Here we interpret the proposed NMDP as a
finite-mixture analogue of Dirichlet-process-style mixture
modeling [50]. When the number of probabilistic compo-
nents is conceptually extended to the infinite limit, the model
connects to the perspective of random probability measures
over expert parameters. Specifically, let GT = {Gτ : τ ∈ T}
denote a collection of probability measures on the param-
eter space Ψ, induced by the distribution of meta-learning
tasks. Given a data point (x, y) ∈ DT

τ and the context points
DC
τ for a task τ , the NMDP can be viewed as an infinite

weighted combination of component distributions in this
limiting sense. Taking the Gaussian NMDP as an instance, a
family of Gaussian mixture models is induced as follows:

p(y1:n+m | x1:n+m,DC
τ )

=

∫
Ψ

n+m∏
i=1

p(yi | xi, ψℓ)Gτ (dψℓ),

with pψℓ
(yi | xi) = N

(
yi;µψℓ

(xi),Σψℓ
(xi)

)
,

(11)

where, in the infinite-component limit, we can write
Gτ =

∑∞
ℓ=1 zτ,ℓ δψτ,ℓ

with δψτ,ℓ
denoting a Dirac

measure and {zτ,ℓ}∞ℓ=1 denoting mixture weights. The
corresponding simplified expression is p(y|x,DC

τ ) =∑∞
ℓ=1 zτ,ℓN(y;µτ,ℓ(x),Στ,ℓ(x)). Leveraging the meta-

knowledge that the base distribution GT is shared across tasks

in our setting, we impose the constraint δψτ,ℓ
:= δψℓ

in mod-
eling. This interpretation is mainly conceptual and serves to
motivate the flexibility of the proposed finite-mixture NMDP.

Optimization Strategies. The derived optimization ob-
jective is inspired by the reweighted wake-sleep (RWS) al-
gorithm [3]. The primary difference from the original RWS
algorithm is that we learn a permutation-invariant, context-
conditioned Dirichlet prior, whereas the prior is typically
fixed in RWS. Furthermore, by reusing the current prior as
the proposal distribution, our optimization avoids introduc-
ing an additional sleep-phase inference network. Overall,
the resulting procedure is best understood as an approximate
EM/MM-style optimization algorithm for NMDP.

5. Experiments and Analysis

Unlike prior work, which mainly pursues state-of-the-art
(SOTA) performance from a structural inductive bias per-
spective, we take more interest in answering the following
research questions (RQs):
1. Is the Dirichlet functional prior more expressive in mod-

eling complicated function distributions?
2. Can the NMDP reveal the clustering properties inside the

task distribution and provide better task representations?
3. Does the variational expectation maximization algorithm

work better than variational inference in optimizing the
NMDP?
We evaluated the proposed method on two representa-

tive scenarios: one-dimensional (1D) synthetic function
regression, two-dimensional (2D) image completion and
multi-input-output regression. Comparison baselines include
context-based methods CNP [13], ANP [25], ConvCNP [17],
TNP [40] and DNP [52], as well as gradient-based methods
MAML [9] and CAVIA [64]. All models employ identical
Gaussian likelihood, data normalization, and implementation
settings to ensure comparability.

5.1. 1D Function Regression on Synthetic GP Data
To evaluate NMDP’s ability to model heterogeneous function
distributions, we design synthetic regression tasks by sam-
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Table 1. Average log-likelihood on synthetic 1D regression tasks
(mean ± standard error over 1,000 tasks).

Model RBF Weakly Periodic Matérn− 5
2

MAML [9] 0.08±1e-3 0.89±3e-3 -0.12±1e-3
CAVIA [64] 0.21±2e-3 0.96±1e-3 0.07±3e-3

CNP [13] 0.15±4e-3 1.08±2e-3 -0.14±2e-3
ANP [25] 0.42±2e-3 1.11±4e-3 0.18±2e-3
ConvCNP [17] 1.05±5e-3 0.80±2e-3 0.71±4e-3
TNP [40] 1.23±4e-3 1.13±3e-3 1.06±5e-3
DNP [52] 0.95±6e-3 1.06±3e-3 0.78±3e-3

NMDP (Ours) 1.26±4e-3 1.19±2e-3 1.15±1e-3

pling functions from Gaussian processes with diverse char-
acteristics. In contrast to conventional approaches that train
separate models for each kernel-specific data distribution
[17], we train on a mixture of functions drawn from multiple
kernels. Specifically, the cross-kernel mixture dataset is con-
structed by sampling each task uniformly from one of three
distinct GP priors: the exponentiated quadratic (EQ/RBF)
kernel, a Weakly Periodic kernel, and the Matérn− 5

2 ker-
nel. This design explicitly introduces cross-modal statistical
heterogeneity, requiring models to simultaneously capture
smooth, rough, and periodic function behaviors. At each
training iteration, context DC

τ = {(xi, yi)}ni=1 and target
DT
τ = {(xi, yi)}n+mi=1 points are randomly selected from the

sampled functions within the interval [−2, 2]. During meta-
testing, we evaluate performance over 1,000 independently
generated tasks using the same sampling procedure.

Table 1 summarizes quantitative performance across all
competing methods. NMDP achieves state-of-the-art re-
sults on all three kernel types, demonstrating consistent ad-
vantages over both gradient-based meta-learners (MAML,
CAVIA) and neural process variants (CNP, ANP, ConvCNP,
TNP, DNP). Moreover, NMDP maintains more stable per-
formance across different kernel types, indicating superior
generalization to heterogeneous function families. Fig. 3
provides qualitative comparisons of predictive distributions.
Compared to CNP and ANP, NMDP produces predictions
that more closely align with ground truth functions while pro-
viding well-calibrated uncertainty estimates. These results
directly address our first research question (RQ-1): by in-
troducing a Dirichlet functional prior and task-level mixture
density modeling, NMDP demonstrates enhanced expres-
siveness and robust cross-kernel generalization on complex,
multi-modal function families.

Task Representation and Visualization. To assess
whether NMDP captures meaningful task-level represen-
tations aligned with underlying functional structures, we
extract Dirichlet concentration vectors from the inferred pri-
ors and apply centered log-ratio (CLR) transformation [23].
These embeddings are visualized using UMAP [37], and
their structure is quantitatively evaluated in the original CLR
space using normalized mutual information (NMI) [49], ad-
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Figure 3. Predictive performance comparison of three neu-
ral process variants: CNP (top row), ANP (middle row), and
NMDP (bottom row). Models were trained on synthetic data gen-
erated from a heterogeneous mixture of Gaussian process priors,
including RBF, Matérn− 5

2
, and weakly periodic kernels. The green

curve depicts the underlying ground truth function, while the black
points represent the empirical observations. The purple curve illus-
trates the model’s posterior predictive mean, and the shaded regions
delineate the ±1 standard deviation confidence interval.

Figure 4. Task embeddings generated by the NMDP model
when learning different function types. Each point represents a
task, with colors distinguishing three distinct function types: RBF,
Weakly Periodic, and Matern. Dirichlet concentration vectors from
the inferred prior are transformed with a centered log-ratio (CLR)
and projected to 2D with UMAP.

justed rand index (ARI) [20], silhouette coefficient [45], and
linear probe accuracy [4] to prevent over-interpretation of
low-dimensional projections.

As shown in Fig. 4, NMDP yields distinct clusters cor-
responding to RBF, Weakly Periodic, and Matérn func-
tions, with NMI = 0.42, ARI = 0.44, Silhouette = 0.26, and
linear-probe accuracy of 84.4% (chance ≈ 33%). The strong
linear separability confirms that kernel-type information is
reliably encoded, while moderate unsupervised scores sug-
gest partial overlap among Gaussian-based kernels due to
shared statistical properties.

The above findings address RQ-2, confirming that the
NMDP model effectively identifies cross-task correlations
and produces interpretable task representations that reflect
the true functional diversity of the underlying processes.
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(a)CIFAR-10 (b)MNIST

Figure 5. Image completion results across different datasets.
Each subplot from top to bottom shows the original image, context
points, reconstructed output and predictive variance.

5.2. Image Completion

To assess the efficacy of NMDP on high-dimensional vi-
sual tasks with inherent uncertainty, we conduct image
completion experiments on four widely-adopted benchmark
datasets: CIFAR-10 [29], SVHN [38] (3-channel RGB im-
ages), and MNIST [31], EMNIST [5] (1-channel grayscale
images). Following established protocols [14, 25], we for-
mulate each image as a continuous function f : [−1, 1]2 →
[0, 1]c that maps 2D pixel coordinates x to normalized in-
tensity values y (where c = 3 for RGB or c = 1 for
grayscale). During meta-training, given a context set com-
prising observed pixel locations and their corresponding
values, the model outputs predictive Gaussian distribution
parameters (mean and variance) for all pixel coordinates,
thereby enabling probabilistic image reconstruction under
uncertainty. Fig. 5 presents representative completion results
across datasets.

Table 2 summarizes quantitative performance across
all competing methods, measured by average test log-
likelihood over 10 independent runs. On 3-channel RGB
datasets (CIFAR-10 and SVHN), NMDP substantially out-
performs all baselines on both context and target predictions.
Specifically, on CIFAR-10, our method achieves target log-
likelihood of 4.19, representing a 3.9% improvement over the
strongest baseline (TNP: 4.03). This superior performance
on structurally complex, multi-channel natural images vali-
dates NMDP’s enhanced capacity to capture intricate color
dependencies and high-dimensional correlations. On single-
channel grayscale datasets (MNIST and EMNIST), NMDP
remains highly competitive, achieving the best target log-
likelihood (1.42 for MNIST, 1.17 for EMNIST) despite TNP
obtaining marginally higher context log-likelihood. The
smaller performance gap on these structurally simpler tasks
(grayscale digits with less inter-channel dependency) sug-
gests that the additional modeling capacity of NMDP be-
comes particularly advantageous when handling complex
multi-channel correlations inherent in natural RGB images.

These results collectively validate that our probabilistic

mixture modeling approach is particularly effective for com-
plex, high-dimensional visual reconstruction tasks where
output distributions exhibit substantial multi-modality. Com-
prehensive implementation details are provided in the Ap-
pendix D.

5.3. Multi-input-output Regression

To assess the efficacy of the NMDP in more challenging
and realistic scenarios, we follow the evaluation protocols
established in [52, 55] and benchmark its performance on
three widely used multivariate regression datasets: SARCOS
[54], Water Quality (WQ) [8], and SCM20D [48]. The
SARCOS dataset comprises 48,933 samples, each with 21
input features and 7 target outputs. The WQ dataset consists
of 1,060 instances with 16 input variables and 14 outputs,
whereas SCM20D contains 8,966 samples characterized by
61 inputs and 16 outputs. Model performance is quantified
using Mean Squared Error (MSE) for predictive accuracy.

As summarized in Table 3, NMDP demonstrates consis-
tently strong predictive performance and outperforms base-
line methods in the majority of cases.

5.4. Ablation Studies

To dissect the contribution of each component in our pro-
posed NMDP, we conduct a five-stage ablation study on the
synthetic Gaussian process (GP) benchmark under the pro-
tocol outlined in Section 5.1. Each variant incrementally
incorporates a new modeling element, allowing us to isolate
its specific contribution:

• A1 (Baseline): A single-expert model without mixture
components (L = 1), serving as our simplest baseline.

• A2 (Uniform Mixture): A multi-expert model with fixed,
uniform mixture weights (L > 1, fixed z), introducing
decoder diversity while remaining non-adaptive.

• A3 (Deterministic Gating): Extends A2 by replacing
uniform weights with learnable, deterministic weights gen-
erated by a context encoder, allowing adaptive expert se-
lection.

• A4 (Stochastic Gating, ELBO): Further introduces a
Dirichlet latent variable z governing the mixture weights,
optimized through the standard ELBO objective to capture
task-specific uncertainty.

• A5 (Full Model, NMDP): The complete NMDP frame-
work refines inference by optimizing the Dirichlet latent
variable with the tighter importance-weighted objective.

Progressive performance analysis. As shown in Fig. 6, val-
idation log-likelihood improves monotonically across vari-
ants A1–A5, confirming the incremental value of each archi-
tectural refinement. The baseline single-expert model (A1)
establishes a lower performance bound; introducing decoder
diversity via a uniform mixture (A2) yields modest gains,
while adaptive gating through a context encoder (A3) further
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Table 2. Average Log-likelihood from image experiments (10 runs). We test the performance of different models in both context data points
and target data points.

SVHN CIFAR10 MNIST EMNIST
Model context target context target context target context target

MAML [9] 2.15±6e-3 2.03±5e-3 1.97±3e-3 1.81±6e-3 0.88±5e-3 0.79±3e-3 0.77±8e-3 0.71±1e-3
CAVIA [64] 2.88±6e-3 2.69±5e-3 3.01±4e-3 2.85±7e-3 1.06±2e-3 0.97±1e-3 0.94±3e-3 0.88±2e-3

CNP [13] 2.77±6e-3 2.62±6e-3 2.63±4e-3 2.51±3e-3 1.09±2e-3 1.01±2e-3 1.02±6e-3 0.86±5e-3
ANP [25] 3.22±4e-3 3.05±4e-3 3.95±6e-3 3.76±3e-3 1.14±3e-3 1.03±3e-3 1.05±3e-3 0.92±2e-3
ConvCNP [17] 3.13±8e-3 3.08±7e-3 4.03±9e-3 3.88±6e-3 1.26±3e-3 1.17±4e-3 1.24±4e-3 1.12±3e-3
TNP [40] 3.28±5e-3 3.23±7e-3 4.17±6e-3 4.03±8e-3 1.51±7e-3 1.38±4e-3 1.29±5e-3 1.13±3e-3
DNP [52] 3.24±3e-3 3.10±4e-3 4.02±7e-3 3.81±6e-3 1.20±2e-3 1.09±3e-3 1.11±2e-3 0.95±2e-3

NMDP (Ours) 3.41±7e-3 3.29±5e-3 4.33±9e-3 4.19±6e-3 1.47±4e-3 1.42±5e-3 1.25±3e-3 1.17±3e-3

Table 3. Average Testing MSEs on Multi-Output Dataset (10 runs)

Model SARCOS WQ SCM20D

MAML [9] 0.88±8e-3 0.77±4e-3 0.92±7e-3
CAVIA [64] 0.84±6e-3 0.73±5e-3 0.91±4e-3

CNP [13] 0.95±7e-3 0.74±9e-3 0.95±5e-3
ANP [25] 1.01±3e-2 0.69±5e-3 0.93±6e-3
ConvCNP [17] 0.94±8e-3 0.78±9e-2 0.82±8e-3
TNP [40] 0.91±6e-3 0.70±3e-3 0.84±9e-3
DNP [52] 0.88±7e-3 0.71±5e-3 0.89±4e-3

NMDP (Ours) 0.82±3e-3 0.67±6e-3 0.75±5e-3

Figure 6. Ablation Study Results. Validation negative log-
likelihood on the synthetic GP dataset for the five model variants
(A1-A5). Shaded regions represent±3 standard error over multiple
independent runs.

enhances expressivity by enabling input-dependent expert
selection.

The most substantial improvements arise from our core
innovations in A4 and A5. In A4, we replace determin-
istic gating with a Dirichlet-distributed latent variable z
that explicitly models uncertainty over task identity, opti-
mized via the standard evidence lower bound (ELBO). This
stochastic formulation proves especially advantageous under
sparse-context regimes, where ambiguity in function type
necessitates probabilistic reasoning over expert assignments.
Finally, the full NMDP model A5 adopts an importance-
weighted objective to refine posterior inference over z. This

yields not only higher asymptotic performance but also
markedly reduced training variance, as evidenced by nar-
rower confidence intervals across runs. Crucially, the tighter
variational bound circumvents the approximation gap in-
herent in ELBO-based methods, leading to more faithful
optimization of the functional prior and enhanced stability in
meta-learning. Moreover, convergence accelerates progres-
sively from A1 to A5, with the full model achieving stable
optima significantly faster, indicative of improved gradient
signal quality and parameter efficiency.

Collectively, these progressive improvements establish
that mixture capacity, adaptive gating, and our proposed
stochastic task representation with importance-weighted op-
timization act synergistically to confer superior performance
on multi-modal function families.

6. Discussion and Conclusion
Summary. We proposed Neural Mixture Density Processes
(NMDP), a neural process variant that represents task-level
uncertainty by mixing a shared set of density experts with
Dirichlet simplex weights inferred from context. We train
NMDP with an importance-weighted surrogate objective,
approximated efficiently via Monte Carlo self-normalized
importance sampling. Experiments on synthetic regression,
image completion, and multi-output regression show that
NMDP yields competitive predictive accuracy, improved
uncertainty calibration on heterogeneous multi-modal tasks,
and interpretable task representations through learned mix-
ture weights.

Limitations. When the test task is far from the meta-
training distribution or the context is insufficiently infor-
mative, the inferred Dirichlet prior can become high-entropy
(near-uniform), leading to averaged expert usage and in-
creased predictive uncertainty; in practice, Dirichlet entropy
may serve as a simple ambiguity indicator. NMDP is most ef-
fective when cross-task variation is well captured by a finite
set of shared experts. Importance-weighted training incurs
additional computation due to multiple particles, though this
cost is largely parallelizable on modern GPUs.

39687



Acknowledgments
This work was supported by the National Natural Science
Foundation of China (NSFC) with the Number # 62306326,
72301289 and 62433021.

References
[1] Sergey Bartunov and Dmitry Vetrov. Few-shot generative

modelling with generative matching networks. In Inter-
national conference on artificial intelligence and statistics,
pages 670–678. PMLR, 2018. 2

[2] Christopher M Bishop. Mixture density networks. 1994. 1
[3] Jörg Bornschein and Yoshua Bengio. Reweighted wake-sleep.

arXiv preprint arXiv:1406.2751, 2014. 1, 3, 5
[4] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Ge-

offrey Hinton. A simple framework for contrastive learning
of visual representations. In International Conference on
Machine Learning (ICML), 2020. 6

[5] Gregory Cohen, Saeed Afshar, Jonathan Tapson, and Andre
Van Schaik. Emnist: Extending mnist to handwritten letters.
In 2017 international joint conference on neural networks
(IJCNN), pages 2921–2926. IEEE, 2017. 7, 4

[6] Liam Collins, Aryan Mokhtari, and Sanjay Shakkottai. Task-
robust model-agnostic meta-learning. Advances in Neural
Information Processing Systems, 33:18860–18871, 2020. 2

[7] Hongkun Dou, Junzhe Lu, Zeyu Li, Xiaoqing Zhong, Wen
Yao, Lijun Yang, and Yue Deng. Score-based neural pro-
cesses. IEEE Transactions on Neural Networks and Learning
Systems, 2025. 2

[8] Sašo Džeroski, Damjan Demšar, and Jasna Grbović. Predict-
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