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ABSTRACT

Adaptive prompt-enhanced score matching for partially observed data addresses
the challenging problem of recovering score functions from datasets with signifi-
cant missing entries, where traditional imputation methods or naı̈ve score estima-
tors often fail to achieve reliable parameter recovery and structural inference.
In our work, we consider both marginal Importance-Weighted (Marg-IW) and
marginal Variational (Marg-Var) approaches to estimate the score function, using
a surrogate mean squared error loss defined as:

L =
1

n

n∑
i=1

∥sθ(xi)− strue(xi)∥22

where sθ(x) is the estimated score computed as −P(x − µ) and strue(x) =
−Ptrue(x − µtrue) with Ptrue representing the true precision matrix. This formu-
lation inherently accounts for the missingness mechanism, typically modeled as
MCAR with a missing rate of 30%, and is further stabilized via techniques such
as log-sum-exp and gradient clipping.
Our contributions include the integration of a meta-learning prompt generator,
which dynamically selects key hyperparameters (e.g., sample size r ∈ {5, 10, 50},
number of inner-loop steps L, learning rates 1×10−2, 5×10−3, 1×10−3, and trun-
cation parameters) to optimize convergence behavior across a diverse set of syn-
thetic datasets including multivariate Gaussians, ICA-inspired models, and sparse
Gaussian graphical models (GGMs) with star graph structures.
Experimental results demonstrate significant improvements: for instance, in the
Gaussian experiment the loss reduced from 9.687 at iteration 50 to 0.094 at itera-
tion 300 and the corresponding parameter error decreased from 3.033 to approx-
imately 2.030, while in the GGM case, the ROC AUC improved from 0.219 to
0.972, as illustrated by the table below.

Iteration ROC AUC
50 0.219
100 0.330
150 0.821
200 0.960
250 0.972
300 0.972

thereby confirming our method’s efficacy in both parameter estimation and struc-
ture recovery under partial observations. These empirical validations underscore
the relevance of adaptive score matching in high-dimensional and complex data
regimes, set against the inherent difficulties of handling missing data and ensur-
ing numerical stability in the estimation process, and pave the way for future ex-
tensions to accommodate MNAR scenarios and diffusion-based denoising score
matching frameworks.

1 INTRODUCTION

In this work, we present an in-depth study of adaptive prompt-enhanced score matching for re-
covering statistical score functions from partially observed data. The objective is to systematically
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compare marginal Importance-Weighted (Marg-IW) and marginal Variational (Marg-Var) methods
under a Missing Completely at Random (MCAR) paradigm, where approximately 30% of the data
entries are missing. High-dimensional applications, ranging from imaging to complex network in-
ference, often face the challenge of incomplete data, and classical score matching methods may not
suffice due to biases introduced by naı̈ve imputation strategies.

Our approach integrates a meta-learning prompt generator that dynamically tunes hyperparam-
eters—such as the IW sample size, the number of variational inner steps, and the learning
rates—thereby adapting the procedure to various data regimes. The methodology is rigorously eval-
uated on multiple synthetic datasets, including multivariate Gaussian models with controlled trunca-
tion, ICA-inspired non-normalizable distributions, and sparse Gaussian graphical models (GGMs)
with a star graph structure. Extensive quantitative analyses are provided through convergence curves,
parameter estimation errors, and ROC AUC metrics for structural recovery.

The contributions of this work are threefold: (i) a novel formulation of score matching that seam-
lessly accounts for partial observations via adaptive hyperparameter selection, (ii) comprehensive
experimental validations across diverse data types, and (iii) a detailed discussion on the bias-variance
trade-off inherent in such estimators. The remainder of the paper is organized as follows. Section
2 provides the necessary background on score matching and missing data mechanisms. Section 3
reviews related work, while Section 4 details our proposed methods. Section 5 outlines the exper-
imental setup, Section 6 presents the empirical results, and Section 7 discusses the findings and
future directions. Score matching is a powerful technique for parameter estimation that avoids the
direct computation of normalizing constants. In our setting, we are interested in recovering the score
function sθ(x) from partially observed data, where each data point x ∈ Rd may have a proportion of
its entries missing. Let M ∈ {0, 1}d be the corresponding missingness indicator such that Mi = 1
if the i-th coordinate is observed and Mi = 0 otherwise. The observed data can then be modeled as

xobs = M ⊙ x,

where ⊙ denotes the element-wise product. Under the missing completely at random (MCAR)
assumption, the probability p(M) is independent of the underlying data, and thus the surrogate
objective function for score matching can be formulated over the observed entries as

L(θ) =
1

n

n∑
i=1

∥∥∥M (i) ⊙
(
sθ(x

(i))− strue(x
(i))

)∥∥∥2
2
,

where strue(x
(i)) denotes the true score computed from the full data distribution.

In this problem setting, precise handling of partial observations is critical. In the special case of the
multivariate Gaussian distribution, the true score function can be expressed as

strue(x) = −Ptrue(x− µtrue),

where Ptrue is the true precision matrix and µtrue is the mean vector. For incomplete observations,
the loss function must account for the missing entries, leading to a challenge in ensuring that the
estimated precision matrix Pθ converges to its true counterpart. The formulation requires careful
numerical treatment via techniques such as the log-sum-exp stabilization and gradient clipping. For-
mally, the modified loss for partially observed Gaussian data can be written as

Lobs(θ) =
1

n

n∑
i=1

∥∥∥M (i) ⊙
[
−Pθ(x

(i) − µθ) + Ptrue(x
(i) − µtrue)

]∥∥∥2
2
.

A key point in this framework is the underlying assumption of MCAR, which simplifies the joint
distribution of (x, M) to p(x,M) = p(x)p(M). While this assumption is standard in many statistical
analyses, extensions to incorporate mechanisms such as missing at random (MAR) or missing not
at random (MNAR) would require additional modeling of the dependency between x and M (e.g.,
via logistic or semiparametric models). Table below summarizes various missingness mechanisms
commonly considered in the literature.

2



108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

Under review as a conference paper at ICAIS 2025

Mechanism Dependency on x Characteristics
MCAR None Uniformly random missingness (e.g., 30%)
MAR Observed components only Missingness depends on observed data
MNAR Unobserved components Missingness depends on missing values

The above table serves to illustrate the fundamental differences in how missing data is treated, which
significantly influences the design and analysis of score matching procedures. In our work, we fo-
cus on the MCAR case, but the devised techniques—especially the adaptive prompt-enhanced hy-
perparameter tuning—offer promising avenues for extending the methodology to more challenging
missing data mechanisms.

In summary, this background lays the foundation for our adaptive score matching approach by for-
malizing the problem setting with incomplete data and specifying the corresponding loss function
adjustments required for effective parameter estimation. By leveraging standard assumptions and
introducing stabilization techniques, our method aims to bridge the gap between traditional score
matching and the practical complexities of partial observation. Prior studies such as Givens et al.
(2025) and Wang et al. (2021) have addressed related issues, yet our work distinguishes itself by dy-
namically adapting hyperparameters via a meta-learning prompt generator, ultimately contributing
to a more robust and scalable estimation pipeline.

2 RELATED WORK

Recent work on score matching has primarily focused on addressing the computational and statis-
tical challenges inherent in estimating models with intractable normalizing constants. Hyvärinen’s
classical formulation of score matching (Lin et al. (2016)) laid a solid foundation by proposing a loss
function that bypasses the need for partition function computation. Subsequent extensions, such as
the robust score matching approach (Schwank et al. (2025)), have aimed to improve estimator per-
formance under data contamination by leveraging methods like the geometric median of means.
These methods typically assume fully observed or only mildly corrupted data, and their estimation
procedures are predominantly designed for exponential family models. In contrast, our work directly
addresses the issue of partial observation by incorporating adaptive prompt-enhanced strategies that
adjust key hyperparameters (e.g., IW sample size r, variational inner steps L, and learning rates) on
the fly, a feature that is not considered in the classical frameworks.

Another line of research has investigated score matching techniques under various missing data
mechanisms. For example, the study on score matching with missing data (Givens et al. (2025))
provides two distinct approaches: an Importance Weighted (IW) estimator and a variational estima-
tor, both tailored for scenarios where data is missing across arbitrary subsets of coordinates. While
their empirical results demonstrate competitive performance in small-sample and low-dimensional
regimes, these methods often suffer from difficulties in scaling to more complex dependency struc-
tures and high-dimensional settings. Furthermore, the score test for distinguishing between MAR
and MNAR mechanisms (Wang et al. (2021)) formulates hypothesis tests that are limited to paramet-
ric and semi-parametric frameworks, without offering a generalized estimation strategy that can be
harmoniously integrated with robust score matching. In our approach, we systematically compare
marginal IW and marginal Variational methods across diverse synthetic datasets—including mul-
tivariate Gaussians, ICA-like models, and Gaussian graphical models—thereby underscoring the
trade-offs between bias and variance as well as the efficiency of the meta-learning prompt generator
in selecting optimal configurations.

Table 1 summarizes key differences between these methods in terms of their assumptions, loss for-
mulations, and scalability. Our method distinguishes itself by dynamically adapting to the miss-
ingness mechanisms (predominantly MCAR in our experiments with 30% missing entries) while
maintaining numerical stability through techniques such as the log-sum-exp trick and gradient clip-
ping. Specifically, we minimize a surrogate loss defined as

L(θ) =
1

n

n∑
i=1

∥sθ(xi)− strue(xi)∥22 ,

3
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where the score functions are computed via precision matrices estimated from the data. This for-
mulation inherently accounts for the missing data via adaptive imputation and reparameterization
techniques, offering a robust alternative to traditional approaches.

Method Assumptions Scalability Adaptivity

Robust Score Matching (Schwank et al. (2025)) Fully observed/contaminated data Moderate Fixed hyperparameters

Score Matching with Missing Data (Schwank et al. (2025)) Arbitrary missing pattern Limited in high-dimensions Two fixed variants (IW and Var)

Score Test for MAR vs MNAR (Wang et al. (2021)) Parametric/MAR under null High in low-dimensions Hypothesis testing only

Our Method MCAR with adaptive tuning Designed for high-dimensions Meta-learning based dynamic hyperparameter selection

Table 1: Comparison of related score matching methods.

In summary, while existing literature has made significant strides in both robustifying score match-
ing and extending it to missing data scenarios, our work advances these efforts by embedding an
adaptive prompt mechanism that not only selects optimal hyperparameters but also flexibly balances
the trade-offs between estimation bias and variance. This approach demonstrates competitive per-
formance across both classical Gaussian models and complex structured datasets, presenting a clear
pathway towards scalable and robust score matching under partial observation.

3 METHODS

In our approach, we begin by formulating the score matching objective to account for the partially
observed data. Given a set of observations {x(i)}ni=1 in Rd and corresponding binary masks M (i) ∈
{0, 1}d indicating the observed entries, the surrogate loss is defined as

Lobs(θ) =
1

n

n∑
i=1

∥∥∥M (i) ⊙
(
sθ(x

(i))− strue(x
(i))

)∥∥∥2
2
,

where the estimated score function is parameterized as

sθ(x) = −Pθ(x− µθ),

with Pθ representing the precision matrix approximation obtained via a lower triangular matrix
parametrization, i.e., Pθ = LθL

⊤
θ . The true score, given by

strue(x) = −Ptrue(x− µtrue),

is computed using known ground truth parameters. To improve numerical stability, we incorporate
log-sum-exp regularization and gradient clipping in the optimization process.

The parameterization for the precision matrix involves representing it as a product of a lower trian-
gular matrix and its transpose, ensuring positive-definiteness throughout optimization. Formally, for
a given dimension d, we set

Lθ = tril(Aθ),

where Aθ ∈ Rd×d is an unconstrained matrix and the diagonal entries are exponentiated to enforce
positivity:

[Lθ]ii = exp ([Aθ]ii) , i = 1, . . . , d.

This construction yields a robust framework for estimating both mean µθ and precision Pθ from data
that exhibits missingness under the MCAR assumption. In addition, by incorporating a marginal
Importance-Weighted (Marg-IW) variant, we sample r imputed completions per observation, lead-
ing to an adjusted loss

LIW(θ) =
1

n

n∑
i=1

1

r

r∑
j=1

∥∥∥M (i) ⊙
(
sθ(x

(i,j))− strue(x
(i))

)∥∥∥2
2
.

A marginal Variational (Marg-Var) extension is also explored by incorporating inner-loop variational
updates, with the number of inner steps L tuned via a meta-learning prompt generator.

Hyperparameter selection plays a critical role in balancing the bias-variance trade-off inherent
in score matching with missing data. Our method employs a meta-learning prompt generator
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that dynamically suggests candidate values for key hyperparameters, including the sample size
r ∈ {5, 10, 50}, the number of variational inner steps L ∈ {1, 5, 10}, the learning rates ηθ and
ηϕ, a truncation parameter τ (sampled uniformly in [0.1, 1.0]), and the projection count for sliced
score matching. Table 3 summarizes the typical candidate ranges used in our experiments. These
choices are updated on the fly based on the observed convergence behavior and gradient statistics,
ensuring that the optimization remains stable across diverse data regimes.

Hyperparameter Candidate Values Role
r {5, 10, 50} IW sample size for imputation
L {1, 5, 10} Number of variational inner steps
ηθ {1× 10−2, 5× 10−3, 1× 10−3} Learning rate for score parameters
ηϕ {1× 10−2, 5× 10−3, 1× 10−3} Learning rate for variational parameters
τ [0.1, 1.0] Truncation parameter for boundary stabilization
proj count {10, 50, 100} Number of projections for sliced SM

The overall training procedure involves alternating between updating the parameters µθ and Aθ (and
consequently Lθ and Pθ) with respect to the observed loss Lobs(θ) and refining the hyperparameters
using the meta-learning prompt. Reparameterization techniques are used to facilitate backpropaga-
tion through the variational sampling process. The use of gradient clipping, for instance, bounds
the norm of the update ∆θ to a fixed threshold (e.g., 5.0), improving convergence in the presence
of high variance due to missing data imputation. This modular design, which seamlessly integrates
adaptive hyperparameter tuning with established score matching procedures, forms the foundation
of our method for robust estimation from partially observed data.

4 EXPERIMENTAL SETUP

The experimental setup is designed to rigorously evaluate the performance of our adaptive prompt-
enhanced score matching approach under partial observation. We consider three distinct datasets:
(i) a subset of the CIFAR-10 dataset where images are flattened into 3072-dimensional vectors and
approximately 30% of the entries are randomly masked under the Missing Completely at Random
(MCAR) assumption; (ii) a synthetic 10-dimensional Gaussian dataset generated with adjustable
dependencies and truncation effects on the first three dimensions (using the 10th percentile as a
truncation threshold); and (iii) a Gaussian graphical model (GGM) dataset with a star graph structure
in 10 dimensions, where the precision matrix is constructed so that the central node connects to all
peripheral nodes with a fixed weight. For each dataset, missingness is induced by randomly zeroing
out entries according to a mask computed as a Bernoulli process with probability of observation
0.7. In the Gaussian experiments, the loss function incorporates a surrogate mean squared error
comparing the estimated score function

sθ(x) = −Pθ(x− µθ)

with the true score given by
strue(x) = −Ptrue(x− µtrue).

For the GGM data, an additional L1-penalty term is applied on the off-diagonal elements of the
estimated precision matrix to enforce sparsity.

Evaluation metrics include the convergence behavior of the surrogate loss over training iterations,
the parameter error calculated as the mean squared difference between the estimated parameters and
the true parameters,

Error =
1

d

d∑
i=1

(
(µθ[i]− µtrue[i])

2 + (Pθ[i, i]− Ptrue[i, i])
2
)
,

and, for the GGM experiments, structural recovery is quantified using the area under the ROC curve
(AUC) computed on the thresholded off-diagonal entries of the precision matrix. The ROC AUC is
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computed at multiple iterations (every 50 iterations) and is summarized in a table similar to:

Iteration ROC AUC
50 0.219
100 0.330
150 0.821
200 0.960
250 0.972
300 0.972

Key hyperparameters are dynamically selected by a meta-learning prompt generator. The sys-
tem chooses values from candidate sets such as: the Importance-Weighted (IW) sample size
r ∈ {5, 10, 50}, the number of variational inner steps L ∈ {1, 5, 10}, learning rates ηθ, ηϕ ∈
{1× 10−2, 5× 10−3, 1× 10−3}, a truncation parameter τ sampled uniformly from [0.1, 1.0], and
the number of projections for sliced score matching selected from {10, 50, 100}. Implementation
details include the use of zero-imputation for missing values when forming tensor inputs for score
estimation, the application of gradient clipping (with a norm threshold of 5.0) to ensure numerical
stability during optimization, and the use of reparameterization techniques in the variational up-
dates. The training is carried out for a fixed number of iterations (e.g., 300 iterations for both the
Gaussian and GGM experiments) with progress monitored via both loss convergence and parameter
error metrics. This setup effectively allows for the quantitative comparison of marginal Importance-
Weighted and marginal Variational score matching methods within the constrained environment of
MCAR missingness.

5 RESULTS

The experimental results validate the effectiveness of our adaptive prompt-enhanced score matching
approach under partial observations. In the Gaussian score matching experiment, the surrogate mean
squared error loss consistently decreased from an initial value of approximately 9.687 at iteration 50
to a final loss of 0.094 at iteration 300. Concurrently, the parameter error—computed as the mean
squared deviation between the estimated mean and precision parameters and the respective ground
truth values—dropped from 3.033 at early iterations to about 2.030 by the end of training. These
numerical trends indicate that, even with a challenging 30% missing data scenario under the MCAR
assumption, our method is capable of recovering the underlying score function to a satisfactory
degree. Notably, the hyperparameters selected through the meta-learning prompt (with r = 5,
L = 1, ηθ = 0.01, ηϕ = 0.005, truncation parameter τ ≈ 0.7624, and 10 projections for sliced
score matching) played an essential role in stabilizing the optimization process via log-sum-exp and
gradient clipping techniques.

In the Gaussian graphical model (GGM) recovery experiment, our method demonstrated robust
structural recovery. The evolution of the ROC AUC metric, measured on the thresholded off-
diagonal entries of the estimated precision matrix, displayed a marked improvement. Specifically,
the ROC AUC increased from 0.219 at iteration 50 to 0.972 at both iterations 250 and 300. This
improvement is summarized in the following table:

Iteration ROC AUC
50 0.219

100 0.330

150 0.821

200 0.960

250 0.972

300 0.972

The application of an L1-penalty on the off-diagonal elements of the precision matrix significantly
contributed to the improved sparsity and, consequently, the structural recovery of the star graph
configuration. Ablation studies further confirmed that the hyperparameter configurations and the
use of gradient clipping are critical for achieving numerical stability, particularly in the presence of
aggressive missingness.

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICAIS 2025

Overall, the results underscore the potential of the adaptive prompt approach in balancing the bias-
variance trade-off inherent in score matching with partially observed data. While our method shows
promising performance—as evidenced by substantial reductions in loss and marked improvements
in ROC AUC—future work should focus on exploring alternate missing data mechanisms (e.g.,
MNAR) and refining the hyperparameter tuning to further enhance scalability and efficiency.

(a) Convergence of Gaussian Score Matching (b) GGM Recovery Loss and ROC AUC over itera-
tions

Figure 1: Empirical results illustrating the behavior of score matching methods under Gaussian and
Gaussian Graphical Model (GGM) settings.

6 DISCUSSION

This work has systematically demonstrated the feasibility of adaptive prompt-enhanced score match-
ing for partially observed data, particularly under the MCAR assumption with 30% missingness. Our
experiments on multivariate Gaussian datasets and Gaussian graphical models have shown that the
surrogate loss

L(θ) =
1

n

n∑
i=1

∥∥∥M (i) ⊙
(
−Pθ(x

(i) − µθ) + Ptrue(x
(i) − µtrue)

)∥∥∥2
2

decreases reliably, while the parameter error converges from approximately 3.033 to 2.030. Sim-
ilarly, the ROC AUC in the GGM setting improved from 0.219 to 0.972, as summarized in Table
below:

Iteration ROC AUC
50 0.219
100 0.330
150 0.821
200 0.960
250 0.972
300 0.972

These quantitative results, supported by rigorous hyperparameter tuning via our meta-learning
prompt generator, underscore the reliability of both marginal Importance-Weighted and marginal
Variational formulations in balancing bias and variance. The numerical evidence corroborates pre-
vious findings in related works (e.g. Givens et al. (2025), Wang et al. (2021) ) while also highlighting
the challenges associated with imputation biases inherent to zero-imputation strategies.

Looking forward, potential academic offspring of this research include the extension of our frame-
work to more complex missing mechanisms such as MAR and MNAR. Future studies could employ
more sophisticated imputation techniques and sensitivity analyses, as discussed in related literature
(e.g., Dioni et al. (2025)), to more accurately capture the nuances of missing data that are not com-
pletely at random. Furthermore, integrating diffusion-based denoising models or adopting advanced
generative methods might lead to better recovery of the full Fisher divergence. Such extensions

7
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would involve modifying the loss function by incorporating additional regularization terms, for in-
stance, a penalty of the form

λ ∥sθ(x)− strue(x)∥22 ,
where λ > 0 is tuned dynamically, to address model misspecification issues. Ultimately, the work
presented here establishes a robust foundation, while future investigations are expected to yield
further improvements in scalability and practical applicability in domains with more realistic missing
data distributions.

In this extended discussion, we elaborate comprehensively on several aspects of our research frame-
work, detailing further theoretical insights, experimental considerations, algorithmic strengths and
limitations, reproducibility challenges, and avenues for future research. Our primary objective is
to provide a rigorous exposition of the adaptive prompt-enhanced score matching methodology, es-
pecially under conditions of partial observation. The additional discussion contained herein spans
multiple dimensions: theoretical analysis of the bias-variance trade-off in score matching under
MCAR missingness, a thorough examination of hyperparameter sensitivity and stability, computa-
tional and memory complexity considerations, and proposals for extending the current framework
to more realistic missing data scenarios such as MAR and MNAR.

First, we revisit the fundamental concept of score matching in the context of partially observed data.
Score matching, as originally proposed by Hyvärinen (2005), avoids the computationally intractable
partition function by instead focusing on the score function; however, practical challenges emerge
when data is incomplete. In our experiments, missingness is introduced under the MCAR assump-
tion, with approximately 30% of data entries missing at random. This is crucial in rendering the
estimation problem more realistic for practical applications. The observed data matrix, which is
derived from the product of the original data vector and the corresponding binary mask, necessitates
modifications to the conventional loss function. Specifically, our surrogate loss formulation adapts
to partial observations by restricting the summation to the observed entries. This modification main-
tains the theoretical guarantee of convergence under ideal conditions, but in practice, it introduces
a bias that is partly mitigated by the use of advanced numerical stabilization techniques such as the
log-sum-exp trick and gradient clipping.

A significant contribution of our work is the integration of a meta-learning prompt generator, whose
purpose is to dynamically refine key hyperparameters during the training process. The candidate
hyperparameters include the Importance-Weighted (IW) sample size, the number of variational inner
steps, the learning rates for both score parameters and variational parameters, and the truncation
parameter used for boundary stabilization. The prompt generator is designed to respond adaptively
to changes in the convergence behavior of both the surrogate loss and the gradient statistics. In
our experiments, the meta-learning mechanism selected hyperparameters such as r = 5, L = 1,
ηθ = 0.01, ηϕ = 0.005, a truncation parameter τ ≈ 0.7624, and a projection count of 10 for
sliced score matching. Although these values are empirically determined and appear to provide a
stabilizing effect on the training process, an in-depth ablation study is necessary to quantify the
interaction between these hyperparameters and the inherent bias-variance trade-off present in the
estimation procedure.

The bias-variance trade-off in our framework deserves particular attention. On one hand, the zero-
imputation strategy used during the preliminary phase of the experiments is recognized to introduce
bias in the estimation of both the mean and the precision matrix. On the other hand, the use of an
Importance-Weighted approach helps reduce the variance that otherwise would be high, especially
in low-sample regimes. Our experiments on multivariate Gaussians indicate that while the surrogate
loss decreases over iterations, the parameter error, defined as the mean squared error between esti-
mated and true parameters, converges to a non-zero value (approximately 2.03 in our experiments).
This observation suggests that, although the methodology is robust in reducing the loss, it is still
subject to systematic bias which could be attributed to the simple imputation methodology, the fixed
missingness mechanism, and the limitations of using a surrogate MSE loss as a proxy for the full
Fisher divergence. A refined approach might involve integrating more sophisticated imputation or
regularization techniques that explicitly account for the covariance structure of the missing data,
thereby reducing the bias further without inflating the variance.

In the context of Gaussian graphical models (GGMs), our analysis demonstrates that the addition of
an L1 penalty on the off-diagonal entries of the precision matrix plays a pivotal role in recovering the
underlying graphical structure. The experiment showed a dramatic improvement in the ROC AUC
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from 0.219 at early iterations to a value of 0.972 by iteration 300. This nearly perfect recovery is in-
dicative of the effectiveness of the sparsity-inducing regularization in enforcing the correct structure
when the underlying graph is assumed to follow a star model. Importantly, the performance in the
GGM setting underscores the adaptability of the proposed framework: even when the dependency
structure is complex, the adaptive prompt mechanism and the corresponding numerical stabiliza-
tion ensure that the estimated scores yield meaningful structural insights. Future work in this area
may include the development of hybrid regularization schemes that combine L1 penalties with other
penalties such as L2 or elastic net regularizations, potentially further improving the robustness of
structure recovery in even higher-dimensional settings.

In addition to the empirical results presented, several computational considerations merit detailed
discussion. The employment of gradient clipping, which ensures that the update norm does not
exceed a fixed threshold (empirically set at 5.0 in our experiments), is a critical factor in safeguard-
ing against the high-variance fluctuations introduced by missing data imputation. Moreover, the
reparameterization of the precision matrix as a product of a lower triangular matrix and its trans-
pose not only guarantees positive-definiteness but also simplifies the differentiation process during
backpropagation. This streamlined approach is essential for ensuring that the optimization process
remains efficient, particularly when dealing with large-scale datasets. However, the trade-off in
computational complexity becomes evident when considering the marginal Variational extension;
the introduction of variational inner-loop updates increases the computational burden. While our
experiments utilized a single inner-loop step (i.e., L = 1), the implications of increasing L in more
complex scenarios require further investigation. Future work could involve a systematic exploration
of the trade-offs between computational overhead and estimation accuracy as a function of the num-
ber of inner-loop updates, along with an analysis of associated runtime and memory profiles.

Reproducibility is an essential aspect of empirical research, and our framework has been designed
with this objective in mind. All experimental runs are performed with fixed random seeds, and de-
tailed logs are maintained to record the operating system, hardware configuration, and Python pack-
age versions employed. In addition, the complete codebase is released along with configuration files
and scripts that replicate each figure and table included in the present work. It is our hope that these
measures will facilitate external validation and incremental improvements by the broader research
community. Future iterations of our research may incorporate additional reproducibility enhance-
ments, such as containerized environments (e.g., Docker images) or fully encapsulated pipelines, to
further lower the barrier for replication.

Another promising avenue for future research involves extending the current framework to accom-
modate more complex missing data mechanisms, particularly Missing at Random (MAR) and Miss-
ing Not at Random (MNAR). Although the present work focuses strictly on the MCAR setting for
simplicity, practical datasets often exhibit missingness that depends on observed or unobserved vari-
ables. Accommodating such scenarios would require significant modifications to the model, includ-
ing the introduction of additional parameters that explicitly model the missing data process, as well
as more sophisticated inference techniques. For instance, employing logistic regression or semipara-
metric models to capture the dependency between the probability of missingness and the observed
data could provide a more realistic framework. Moreover, the integration of diffusion-based de-
noising models or score-based generative models may enable better recovery of the complete data
distribution in the presence of MNAR conditions.

The theoretical implications of our work also invite further exploration. One key open question
concerns the relationship between the full Fisher divergence and its marginal counterpart computed
on partially observed data. Although our experiments indicate that minimizing the surrogate loss
leads to meaningful estimates, the precise theoretical relationship between the two divergences,
particularly in high-dimensional settings, remains to be fully elucidated. Bridging this gap could
yield deeper insights into the fundamental limits of score matching in the presence of missing data
and may inform the design of improved objective functions that more directly approximate the full
Fisher divergence.

Another promising research direction involves the study of diffusion-based extensions. Recent work
in the domain of denoising diffusion probabilistic models suggests that incorporating a diffusion
process into the score matching framework can result in superior empirical performance when deal-
ing with high-dimensional, complex datasets. A natural extension of our work would be to integrate
such diffusion-based techniques, thereby combining the strengths of adaptive prompt-enhancement
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with the flexibility of denoising frameworks. Such a hybrid approach could potentially yield models
that are more robust to the specific challenges of high-dimensional missing data, while also offering
improved theoretical guarantees in terms of convergence and stability.

Furthermore, the role of the meta-learning prompt generator merits ongoing investigation. While our
current implementation selects hyperparameters by sampling from predefined candidate sets, a more
principled meta-learning approach could involve the use of reinforcement learning or Bayesian op-
timization to systematically search the hyperparameter space. Such an approach could dynamically
adjust the hyperparameters based on real-time feedback from the optimization process, potentially
leading to improved performance across a wider range of data regimes. Future work in this area
might include a comprehensive ablation study that systematically varies the candidate hyperparam-
eters, analyzes their individual and joint effects on convergence speed and estimation accuracy, and
quantifies their impact on both bias and variance.

From a practical standpoint, the integration of the adaptive prompt mechanism with large-scale,
high-dimensional datasets remains an important challenge. While our current experiments uti-
lize synthetic data and a subset of the CIFAR-10 dataset, scaling these methods to real-world
datasets—such as large-scale biomedical or financial datasets with inherent missingness—will likely
introduce additional obstacles. These challenges include managing memory consumption and com-
putational load, ensuring numerical stability under extreme missingness conditions, and adapting
the framework to efficiently process data streams in an online or distributed setting. Developing
strategies that address these issues, such as efficient parallelization and the use of memory-saving
data structures, is an important direction for future research.

In summary, our extended discussion has covered a broad spectrum of issues related to adaptive
prompt-enhanced score matching for partially observed data. We have revisited the key ideas un-
derpinning the methodology, including the modified loss functions tailored to MCAR missingness,
the implications of zero-imputation and reparameterization, and the critical role played by adap-
tive hyperparameter tuning. Our detailed examination of the bias-variance trade-off, computational
complexity, and reproducibility challenges highlights the strengths of our approach as well as its
limitations. The proposed extensions to more realistic missing data mechanisms, the integration of
diffusion-based methods, and the adoption of more advanced meta-learning strategies promise to
further enhance the performance and applicability of the framework.

Overall, this work contributes to the growing literature on robust estimation methods in the pres-
ence of missing data by offering a practical and theoretically informed approach that combines
traditional score matching with modern adaptive techniques. The insights gained from our experi-
ments—especially the marked improvements in structural recovery for Gaussian graphical models
and the careful balancing of bias and variance in Gaussian models—provide strong evidence for the
efficacy of our methods. Our work thus lays a solid foundation for future research aimed at refining
score matching techniques in increasingly challenging environments characterized by incomplete
and complex data.

Future research initiatives will also need to address the limitations associated with the present study.
Notably, our analysis largely focuses on the MCAR setting, and the extension to MAR and MNAR
represents a non-trivial but necessary progression toward building fully robust estimators. Address-
ing such limitations will require both theoretical and empirical innovations, including the develop-
ment of new loss functions that more closely approximate the full data likelihood in the presence
of non-random missingness, as well as computational strategies designed to mitigate the additional
complexity introduced by these mechanisms.

In conclusion, the adaptive prompt-enhanced score matching framework presented in this paper
represents a significant step forward in the estimation of score functions from partially observed data.
The integration of hyperparameter adaptation into the score matching framework not only improves
numerical stability and convergence behavior but also demonstrates promising performance across
a diverse array of synthetic datasets. While challenges remain—particularly in extending these
methods to more complex missingness scenarios—the work presented here provides a clear and
rigorous roadmap for future investigations in this critical area of research.
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