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Abstract

The rise of Industry 4.0 has made robust forecasting and process control central to achieving sus-
tainable smart manufacturing. While deep learning improves prediction accuracy, most models lack
uncertainty quantification and process control—both critical for minimizing waste and optimizing
energy use. Generative models are promising but underused in real-world manufacturing due to data
and integration challenges. To address this, we propose a unified two-stage deep learning framework
for real-time simulation and adaptive process control in dynamic manufacturing environments. The
first stage leverages DeepAR and Monte Carlo Dropout to produce both accurate point predictions and
calibrated uncertainty intervals. The second stage introduces a novel LSTM-based Conditional Varia-
tional Autoencoder (LSTM-CVAE) that reconstructs temporally coherent multivariate input sequences
conditioned on target specifications. Then a two-stage filtering mechanism ensures the plausibility of
generated inputs and their predictive alignment with operational goals. Experiments on two real-time
industrial datasets (sugar and bioprocessing) and a public benchmark demonstrate average improve-
ments of up to 35.7%, 21.0%, 24.6% in Balanced MAE, and 21.3%, 9.8%, 25.2% in Comprehensive
Uncertainty Score metrics. The framework remains robust under batch-wise shuffling, supporting
real-world deployment. Overall, it enables interpretable, forecast-aware, target-driven process control
that improves resource efficiency and product cost—advancing sustainable manufacturing.

Keywords: Industry 4.0; artificial intelligence; uncertainty-aware forecasting; generative modeling;
process control; sustainable manufacturing

1. Introduction

The emergence of Industry 4.0 has driven the convergence of cyber-physical systems, the Internet
of Things (IoT), cloud computing, and big data analytics in modern manufacturing environments,
generating large volumes of multivariate time-series data from machines, processes, and operating
conditions [1-3]. These digital transformations enable advanced data-driven decision-making, which
is critical not only for improving operational efficiency and product quality, but also for promoting
sustainability through reduced energy consumption, waste minimization, and predictive maintenance.
Leveraging recent advances in machine learning (ML) and deep learning (DL), Industrial Al has
emerged as a powerful paradigm to extract actionable insights from complex manufacturing data
[4,5]. However, realizing the full potential of these technologies remains challenging due to the high
dimensionality, heterogeneity, and noise inherent in real-world industrial datasets [6]. Addressing
these challenges is essential to support sustainable and intelligent manufacturing operations.
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1.1. Background

Industry 4.0 builds upon the digital automation of Industry 3.0 by introducing interconnected,
intelligent machines capable of decentralized decision-making and adaptive control without direct
human input [7]. This transformation is largely driven by the integration of ML and DL algorithms,
which enable manufacturing systems to perform complex tasks and adapt to dynamic conditions based
on data-driven insights rather than predefined rules [8]. These algorithms are typically categorized
into supervised and unsupervised learning, depending on the nature of data labeling and learning
objectives [9].

In smart manufacturing, ML and DL enable four levels of analytics: descriptive, diagnostic, pre-
dictive, and prescriptive [10]. Descriptive analytics provides a summary of historical operations—e.g.,
Iftikhar et al. [11] visualized sensor data to identify downtime patterns. Diagnostic analytics uncovers
root causes of issues, as in the CNN-LSTM-GRU model used by Han et al. [12] for detecting faults in
rotating equipment. Predictive analytics forecasts future events such as Remaining Useful Life (RUL),
supporting proactive maintenance strategies as demonstrated by Kang et al. [13]. Finally, prescrip-
tive analytics recommends optimal actions to enhance outcomes, such as the reinforcement learning
framework developed by Lepenioti et al. [14] for sustainable process control in steel manufacturing.
Together, these analytics form the backbone of intelligent decision-making in operations, contributing
not only to improved efficiency and quality but also to enhanced sustainability by reducing waste,
energy consumption, and unplanned downtime.

Beyond traditional manufacturing, ML and DL have found broad applications in enabling sus-
tainable practices across diverse industries. These include real-time decision-making in embedded
Al systems [15], energy-aware adaptive factory systems [16], health and performance monitoring for
human-centric manufacturing [17], optimization of energy systems for environmental sustainability
[18], autonomous transportation for emission reduction [19], and Al-powered precision agriculture for
maximizing yield with minimal environmental impact [20]. These examples demonstrate the critical
role of AI technologies in advancing both operational excellence and sustainability across domains.

1.2. Issue

Despite the transformative potential of ML and DL in industrial settings, several barriers continue
to limit their practical deployment in smart manufacturing environments. One major challenge
is the organizational knowledge gap in Al: many manufacturing firms lack a clear understanding
of how to collect, preprocess, and leverage high-value operational data, which undermines model
reliability, scalability, and trustworthiness [21]. This gap poses a significant risk to achieving the goals
of sustainable and resilient operations.

Traditional ML models often struggle to manage the dynamic and time-dependent nature of
industrial processes [22,23]. A key concern is concept drift, where underlying data distributions
evolve over time, leading to severe degradation in model performance once deployed. This disconnect
between training and real-world conditions hinders effective decision-making and can result in
wasteful or even unsafe operational outcomes [24]. Two primary obstacles restrict the effectiveness of
ML/DL in production environments:

e Insufficient data volume and quality: Industrial data is often sparse, noisy, and inconsistent due
to sensor malfunctions, heterogeneous sources, or environmental variability. Preprocessing is
time-intensive, and accurate labeling is resource-intensive and error-prone [25,26]. These issues
reduce model performance and impede sustainable insights generation.

e Limited model adaptability and transferability: ML /DL models trained for specific machines,
production lines, or factories often fail to generalize across different settings. Overfitted models
lack robustness, while overly generic models miss critical domain-specific dynamics. Furthermore,
many existing forecasting models provide only point estimates, lacking mechanisms to quantify
uncertainty—an essential capability in sustainability-critical or safety-sensitive applications [27].
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Addressing these issues is critical to building intelligent, adaptive, and trustworthy decision-
support systems that can contribute to sustainable manufacturing outcomes. To that end, robust
frameworks are needed that:

*  Adapt to concept drift while preserving model performance over time,

*  Quantify predictive uncertainty to improve confidence in decisions and support risk-aware
operations,

*  Generalize effectively across diverse processes, equipment, and industrial contexts.

1.3. Our Idea

This study proposes a two-stage deep learning framework designed to enhance decision-making
reliability and adaptability in dynamic manufacturing systems, with an emphasis on sustainable and
resilient operations. The architecture integrates both predictive and generative components, structured
as follows:

®  Uncertainty-aware forecasting module: Provides calibrated point predictions along with proba-
bilistic confidence intervals, enabling risk-aware decision support under dynamic conditions.

¢  Conditional generative module (LSTM-CVAE): Reconstructs realistic multivariate input trajec-
tories conditioned on desired outcomes or target distributions, allowing controllable scenario
generation.

Together, these modules empower manufacturing systems to capture temporal dynamics while
simulating feasible operational pathways that align with target specifications or forecast ranges. By
supporting adaptive and informed control strategies, the framework enables more efficient process
optimization, reduces resource waste, and enhances operational robustness. These capabilities are
particularly valuable for advancing sustainable manufacturing practices, where reliability, flexibility,
and resource efficiency are essential to long-term performance.

1.4. Contributions

¢  Multivariate Sequence Reconstruction with Forecast Consistency: We propose an end-to-end
deep learning framework that unifies uncertainty-aware probabilistic forecasting with multivari-
ate sequence reconstruction. By recursively predicting outcomes from reconstructed inputs, the
model ensures both point-wise accuracy and distributional reliability. Temporal dependencies
are preserved, enabling the system to realistically capture process volatility. This conditional
generation supports sustainable operations by reducing resource consumption, minimizing waste,
and optimizing energy use.

*  Two-Stage Filtering for Sustainable Scenario Control: We design a novel two-stage filtering
mechanism that improves the realism and control of generated operational sequences. Sequences
with high reconstruction errors are filtered out based on the learned MAE distribution, and the
best-aligned sequence is selected based on target accuracy. This enhances scenario flexibility and
decision controllability, supporting adaptive and resource-efficient production planning under
uncertainty.

e  Temporal Robustness Under Disrupted Conditions: Our framework demonstrates robustness to
batch-order variations by preserving local temporal patterns rather than relying on fixed sequence
order. This enables stable performance even under dynamically changing production sched-
ules—an essential property for resilient, real-time decision-making in sustainable manufacturing
environments.

*  Generalizability Across Sustainable Manufacturing Domains: We validate the framework on
diverse real-world datasets, including sugar and biomaterial manufacturing processes, as well as
open-source benchmarks. The results confirm strong generalization performance, supporting its
applicability across domains to enhance operational efficiency and contribute to sustainability
goals.
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2. Literature Review

The rapid digitization of manufacturing under Industry 4.0 has accelerated the use of machine
learning (ML) and deep learning (DL) for process monitoring, quality control, and system optimization.
However, as industrial systems become more dynamic and data-driven, traditional rule-based or
static models struggle with adaptability, real-time performance, and scalability across heterogeneous
environments. In response, recent research has explored ML /DL solutions that offer greater flexibility,
predictive power, and resilience in manufacturing operations.

In the context of sustainable manufacturing, these advances hold promise not only for improving
product quality and operational efficiency, but also for reducing energy consumption, minimizing
waste, and enabling data-informed decision-making under uncertainty. This review highlights devel-
opments in three areas that form the foundation of our proposed approach: (1) ML/DL applications
in smart manufacturing; (2) uncertainty-aware forecasting for quality management and operational
risk mitigation; and (3) data-driven process optimization frameworks for adaptive and sustainable
production systems.

2.1. ML and DL Applications in Manufacturing

Recent literature demonstrates the growing impact of machine learning (ML) and deep learning
(DL) across a wide range of manufacturing applications, including anomaly detection, predictive
maintenance, production planning, and quality control. These approaches are increasingly integrated
with optimization techniques to improve decision-making at both machine and operator levels. For
example, [28,29] offer comprehensive overviews of ML-based optimization strategies aimed at improv-
ing throughput and reducing downtime, while [30] highlights ongoing challenges related to model
transferability, scalability, and interoperability across heterogeneous manufacturing systems.

In fault detection, deep learning models—particularly convolutional neural networks (CNNs)
and recurrent architectures like LSTM—have achieved impressive accuracy rates of up to 97-100% in
controlled environments [31]. Autoencoder-based anomaly detection has also been widely explored
for real-time monitoring in Industry 4.0 settings [32]. Additionally, DL models have shown promise
in predictive quality modeling, as discussed in [33], though deployment remains challenged by data
inconsistencies, model drift, and integration complexity.

While these studies demonstrate the potential of ML /DL to enhance operational efficiency and
responsiveness, their contributions to **sustainable manufacturing**—through waste reduction, energy
optimization, and adaptive process control—remain less emphasized. Moreover, current models often
lack the flexibility to adapt to new quality targets or operational constraints in real time, limiting their
effectiveness in dynamic production environments.

Our work builds on this foundation by addressing the need for flexible, forecast-aware, and
condition-driven control strategies that align predictive accuracy with sustainable operations goals.

2.2. Uncertainty Forecasting in Manufacturing Quality Management

In quality-critical manufacturing, probabilistic forecasting is essential for robust, risk-aware
decision-making. While early methods focused on deterministic point estimates, recent research
highlights the importance of uncertainty quantification to capture the variability inherent in industrial
processes. Common approaches include Bayesian inference, Gaussian Process Regression (GPR),
and Monte Carlo Dropout (MC Dropout), each balancing interpretability, scalability, and robustness
differently.

For example, [34] used Bayesian SVR with Brownian modeling to forecast tool wear distributions
for predictive maintenance, while [35] applied GPR to improve geometric accuracy in additive manu-
facturing via risk-aware tuning. [36] introduced an anomaly-based method for defect detection under
limited labels. However, [37] reported that many uncertainty quantification methods degrade under
distribution shift—a common issue in real-world production.
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To overcome this, [38] introduced RoughLSTM, a robust deep learning architecture that incor-
porates temporal roughness constraints to improve anomaly detection in CNC vibration datasets.
While promising, such Bayesian and uncertainty-aware forecasting models are still underutilized in
manufacturing due to their complexity and the lack of real-time deployment frameworks.

Importantly, uncertainty-aware forecasting not only improves reliability and safety but also
directly supports sustainability goals. By accounting for predictive confidence, manufacturers can
optimize resource allocation, reduce overprocessing, and minimize energy and material waste through
more targeted interventions.

Our proposed framework builds upon these insights by combining uncertainty-calibrated fore-
casting with conditional generative modeling, enabling real-time simulation and control tailored to
specific operational targets or risk profiles. This integration enhances both predictive fidelity and
decision adaptability—critical for sustainable manufacturing operations.

2.3. ML and DL Optimization in Manufacturing

Data-driven optimization techniques have significantly transformed manufacturing by enabling
adaptive, real-time control without the need for explicit physical modeling. Machine learning (ML)
and deep learning (DL) approaches, particularly reinforcement learning (RL), have been increasingly
applied to improve process quality, reduce costs, and enhance system responsiveness.

Recent studies have applied reinforcement learning (RL) to optimize manufacturing processes,
such as injection molding [39], additive manufacturing [40], forging [41], and textiles, achieving real-
time control, quality improvement, and cost reduction. Approaches using DDPG, PPO, and SAC have
shown significant speedups over heuristics [42] and support zero-defect and sustainable production
goals [43].

While RL is effective for dynamic control, generative models offer a complementary approach by
learning structured representations for controllable input generation. CVAEs and CGANs have been
used for anomaly detection, data augmentation, and imputing missing sensor data [44—48]. However,
their use for forecast-informed generation and simulation-based optimization remains underexplored
in industrial applications.

These generative approaches hold strong potential for supporting sustainable manufacturing,
particularly in cases requiring scenario simulation, adaptive control, and decision-making under
uncertainty. By generating plausible input conditions aligned with target outcomes, they can help
reduce material waste, improve process yield, and support energy-efficient production strategies.

Building on these foundations, our work explores the integration of uncertainty-aware forecasting
with generative modeling to create a flexible, simulation-ready framework for target-driven process
optimization—contributing directly to smart and sustainable manufacturing operations.

3. Methods

We propose an end-to-end framework for uncertainty-aware forecasting and target-conditioned
input optimization in multivariate time-series manufacturing data. By jointly modeling prediction and
generation, the framework reconstructs realistic input sequences that preserve temporal dependencies
and align with probabilistic forecasts. This forecast-aware reconstruction (conditional generation)
supports accurate, robust, and controllable process optimization under real-world variability which
contributes to product cost and resource-efficient sustainable manufacturing.

Our pipeline consists of the following core components:

1.  Prediction Model Specification (Section 3.1)
We implement probabilistic forecasting using:
*  Monte Carlo Dropout (MCD) for DL models [49],
e  Likelihood-based LSTM models (Simplified DeepAR) [50].

2.  Forecast Evaluation and Predictor Selection (Section 3.2)
Model performance is evaluated using:
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e  MAE score[51] combining both the point accuracy and volatility sensitiviy.
e  Unified Uncertainty Score combining coverage (PICP) and sharpness (MPIW)[52,53] .

These metrics are used for dual-model selection: one model is chosen for point forecasting, and
another for uncertainty estimation.

3. Modified LSTM-Conditional VAE (Section 3.3)
We implement a Conditional Variational Autoencoder (CVAE) with LSTM layers [54,55]:

*  The encoder augments each condition vector (target value) with recent statistical features
from prior input sequences and learns latent distributions via KL annealing with target-
aware penalties, thereby enhancing its ability to capture key temporal patterns.

*  The decoder reconstructs multivariate sequences using sampled latent vectors and aug-
mented condition vectors.

¢ Toimprove generalization and robustness, Gaussian noise is post-hoc injected into both the
encoder and decoder.

4.  Three-Stage Validation (Section 3.4)
To evaluate whether the reconstructed sequences preserve temporally meaningful and predictive
patterns :

*  Reconstruction Evaluation: Assess the temporal reconstruction quality by measuring MAE
differences in point values, variability, and volatility.

¢  Downstream Forecast Evaluation: Use the best-trained point-wise and uncertainty-aware
predictors to evaluate whether the reconstructed inputs Xrecon preserve forecast-relevant
dynamics by computing § = f*(Xrecon)-

*  Robustness Check: Test the model’s ability to capture both local patterns and global dynam-
ics by evaluating performance under batch-wise temporal shuffling—independent of strict
sequential batch-to-batch order.

5. Multivariate Sequence Generation (Section 3.5)
Conditioned on a defined or forecasted target, the trained decoder generates multiple candidate
sequences, which are then filtered through a two-stage selection process:
*  Discard sequences with reconstruction error exceeding the MAE threshold observed during

training.

®  Select the sequence whose point-wise predicted target is closest to the conditioning value.
This process ensures that the selected candidate sequence maintains empirical validity while
remaining consistent with the forecast target.

3.1. Prediction Model Specification
To implement probabilistic forecasting, two types of Deep Learning(DL) models are used.
1. Monte Carlo Dropout (MCD): Dropout [56] is applied at both training and inference to

enable stochastic sampling. For each input, N forward passes generate multiple output samples.
Uncertainty is computed as:

J=p+xn-oc wheren € {1.65, 1.96, 2.58} (1)

Here, 1 and o denote the sample mean and standard deviation, and 7 is the confidence factor
(e.g., n = 1.96 for 95%) [57]. MCD is implemented across various backbones such as LSTM and
CNN-LSTM [58], enabling uncertainty-aware forecasting via stochastic inference.

2. Likelihood-Based Model (Simplified DeepAR): This model simplifies the original DeepAR by
removing the autoregressive decoder and directly predicting the Gaussian distribution parameters
(u, o) [59] using a single LSTM layer. Unlike the original recursive approach, all target distribution
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parameters are inferred at once from the input sequence, eliminating the need for iterative
decoding. The standard deviation ¢ is constrained to be positive via the softplus activation [60]:

softplus(x) = log(1 +¢*) 2

The model is trained using the Gaussian negative log-likelihood (NLL) loss [61]:

1 1(y—p\?
LGaussian NLL = E 10g(27T) + 10g(0) + E <y0—]4> (3)
The predicted mean y serves as the point forecast, and the uncertainty interval is computed
similarly to MCD (Eq. 1).

3.2. Forecast Measurements and Predictor Selection
3.2.1. Balanced Point Forecast Metric

To evaluate predictive performance in a more comprehensive manner, we employ a Balanced MAE
Score, which jointly assesses absolute point-wise accuracy and the ability to follow local temporal
volatility. The Balanced MAE Score consists of two components:

Absolute MAE — captures the average absolute deviation between predicted and true values
(original MAE score).

Differential MAE — measures the accuracy in predicting the changes (first differences) in the
time series.

Let y; be the true value and §; be the predicted value. The Balanced MAE Score is defined as:

11 _ 1 & .
Balanced-MAE = A Z lyi — 9il + —— Z |Ay; — Ay (4)
i3 n-15

where Ay; = y; — yi—1 and Aj; = §; — Ji-1.
Lower values of the Balanced MAE indicate that the model not only produces accurate point
predictions but also captures the underlying dynamic behavior.

3.2.2. Uncertainty Forecast Metric

To assess the distributional quality of predictive uncertainty, we evaluate the reliability of the
prediction intervals using two metrics: Prediction Interval Coverage Probability (PICP) and Mean
Prediction Interval Width (MPIW) which are the widely used in recent studies[62].

PICP measures the proportion of true values that lie within the predicted interval [}, §4], indi-
cating coverage quality:

1 & T, .
PICP = - Zﬂ[yiL <y; < yi’l] (5)
i=1
MPIW captures the average width of these intervals, reflecting how sharp or concentrated the
predictions are:

Lys(ou_ oo
MPIW = = 3 (9" — 9t ) ®)
niz

To jointly evaluate both aspects, we define a unified uncertainty score that balances high coverage
and narrow interval width:

MPIW
Uncertainty Score = A - (1 —PICP) + (1—-A) - — (7)

Ymax — Ymin
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where A € [0,1] controls the trade-off between coverage and sharpness. A lower score indicates
more reliable and sharper uncertainty estimates. In our work, we set A = 0.5 to equally balance the
prediction uncertainty measurements.

3.2.3. Dual Predictor Selection Strategy

For point and uncertainty forecasting, the model with the lowest Balanced-MAE and Unified
Uncertainty Score on the test dataset is individually selected. This selection strategy ensures not only
accurate point predictions but also robust and reliable uncertainty distribution quantification across
diverse inference objectives.

3.3. Modified LSTM-Conditional VAE Architecture

We propose a modified LSTM-CVAE to effectively reconstruct (conditionally generate) multivari-
ate time-series data conditioned on augmented target-related context.

3.3.1. Augmented Condition Vector

To enrich the condition vector (target value) ¢; € RP, we extract feature-wise statistics from recent

batch-wise sequences %;_n.;_1 € RN 'xTxF,
1 t—1 1 t—1
Ht = <7 Z Xi, 0 N’ Z (*1 Vt)z (8)
i=t—N i=t—N
If N’ = 0, null vectors are used:
=0, op=0 )
We then compute scalar indicators:
1¢ 1
it = x[ﬂt]]y 0=z 2[@];‘ (10)
j=1 j=1
The final augmented condition becomes:
¢ = concat(cy, iy, 0) (11)

This allows the model to adapt to statistical temporal patterns (trend and volatility) with partially
available sequences prior to each condition vector.

3.3.2. Conditional LSTM Encoder

To encode the input sequence, each time step x; is concatenated with the augmented condition
vector ¢;:

xll:T = [Xl,' (:t], ey [XT,' ét] (12)

This results in a context-aware input sequence of shape RT(F *dc), where d. = dim(&;) = D + 2,
as it includes the original condition vector and two scalar indicators. Gaussian noise [63] is post hoc
added to ¢; to improve robustness and avoid overfitting:

¢« C+e €~ N(O, ‘Tzoisel)) (13)

n

The resulting sequence is passed through an LSTM layer to obtain a final hidden state henc
summarizing the temporal and conditional information:

henc = LSTM(x,.1) (14)

The posterior parameters of the latent variable are then computed from henpc:
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n= Wyhenc + by/ log o= Wlogvarhenc + blogvar (15)

3.3.3. Latent Sampling via Reparameterization

To allow gradient flow during training, the reparameterization trick[64] samples latent variables
z from the approximate posterior:

where ¢ = exp(0.5 - log ¢'?) ensures positive variance, and the element-wise product ® introduces
stochasticity in a differentiable way. This allows the encoder to produce a latent distribution rather
than a point estimate, improving generalization [65].

3.3.4. Conditional LSTM Decoder

The latent vector z is first projected into a high-dimensional hidden state using a non-linear
transformation:

h, = $(W.z +b;) (17)

This transformed vector is repeated T times along the temporal axis to match the sequence length.
The augmented condition vector & is also repeated and concatenated at each timestep to form the
decoder input:

W =(h e, VE=1,...,T (18)
This combined input is passed through an LSTM layer to model the conditional temporal dynam-

ics:
hSF = LSTM(h{}}) (19)

Finally, the decoder outputs are projected to reconstruct the original input sequence:

X = Wour - h¥ + by, VEt=1,...,T (20)

Gaussian noise is post hoc added to the reconstructed sequence to improve robustness and avoid
overfitting:

il:T < il:T +e€ €~ N(O/ Urzwisel) (21)

3.3.5. Loss Function with Target-Aware Penalty

During training, the encoder approximates the posterior q(z | [x, &]) to sample the latent vector
z, and the decoder reconstructs x via the conditional likelihood p(X; | [z, &]).

The overall training objective consists of two components based on ELBO[66]: the reconstruction
loss and the Kullback-Leibler (KL) divergence[67]. The reconstruction loss is defined as the mean
absolute error (MAE) between the input and the reconstructed sequences:

1 & .
ﬁrecon == Z”Xt - Xt||1 (22)
T t=1

The KL divergence regularizes the latent space by aligning the approximate posterior with a condition-
aware prior. Specifically, it minimizes the divergence between q(z | [x¢, &]) and p(z | &):

Lt = D (q(z | x, &) || p(z | &)) (23)
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To stabilize training, we apply KL annealing [68] with a weighting factor Ay, € [0, 1], which
gradually increases over epochs to avoid premature regularization of the latent space:

Liotal = Lrecon + AkL - LKL (24)

To improve the quality of reconstructions for high-value targets (e.g., peak-relative or rare outlier
patterns), we introduce a target-aware penalty that adaptively increases the training loss for such
samples. If the condition value ¢; exceeds a predefined threshold 7, a penalty weight p >= 1is applied
to the total loss:

‘Cweighted = (1 + H(Ct > T) : P) ' Etotal (25)

where I(-) is an indicator function that outputs 1 when the condition is satisfied and 0 otherwise.
This allows the model to prioritize reconstruction quality for critical cases without sacrificing overall
stability.

3.4. Three-Stage Validation

3.4.1. Reconstruction Evaluation

To match the original data format, the 3D input and reconstruction tensors (B, T, D) are flattened
to 2D (B, F), where F = T - D, before evaluation.
The reconstruction quality using the MAE difference is assessed with three standards:

. Point Values:

%if = 2] (26)

e  Standard Deviation (Variability):

X 1 3 2
std(lx—2) = \ | 7 & 2((xi,f—xlf‘ ~ MAE) 27)
i=1f=1
e  First Differences (Volatility):
1 N
MAE, = N'(F—l)gfg‘(xi’f - xz',f—l) - (xi,f - xi,f—l)‘ (28)

These metrics evaluate not only the formal closeness of reconstructed values, but also the temporal
dynamics.

3.4.2. Downstream Forecast Evaluation

In addition, the reconstructed sequences are further evaluated by predicting their corresponding
target values. While low reconstruction error indicates overall closeness to the original data, further
evaluation is done to ensure that temporal patterns essential for point and uncertainty prediction
are also well preserved. Accordingly, each reconstructed sequence Xrecon is passed through the best
predictors f* to estimate the target and its associated uncertainty, as described in Section 3.2:

7 = f" (Xrecon) (29)

This downstream evaluation ensures that the reconstruction retains forecast-relevant dynamics,
rather than merely optimizing reconstruction error.
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3.4.3. Robustness Evaluation of Forecast-Aware Reconstruction (Conditional Generation) under
Temporal Disruption

To evaluate the robustness of the proposed architecture under temporal shifts, a batch-wise shuf-
fling experiment is applied. For each dataset, the batch axis B is randomly permuted while preserving
the temporal structure within each input-target sequence pair (x(?), y(?)). This disrupts inter-batch
dependencies while maintaining intra-sequence dynamics within each pair. Given input-target pairs
(x(l), y(l) ), (x(z), y(z) ) eees (x(B), y(B)) where each x(t) € RT*D and y(b) is the associated target, a
random permutation 77 is applied to the batch indices such that:

(% )shutied = (x"H), y Ty, (x(7BD) y (B (30)
where 77 is a random permutation of 1,2, .. ., B, uniformly sampled from all possible orders.
Evaluation metrics from Section 3.4.1 are recomputed on shuffled data using the best-performing
fixed model identified in Section 3.4.2, without retraining. This setting assess the model’s robustness
under disrupted batch-level temporal order, highlighting its reliance on localized intra-sequence
patterns. Each experiment is repeated R times per dataset, and results are reported as mean =+ standard

deviation.

3.5. Multivariate Sequence Generation

Building on the trained LSTM-CVAE, we enable conditional generation of diverse multivariate
time-series sequences that align with both target predictions and temporal dynamics captured during
training.

3.5.1. Conditional Input Generation

Given a specific condition vector ¢;, the augmented condition vector & is configured using recent
N batch-wise sequences, as described in Section 3.3.1. A latent vector z is first randomly sampled,
and the trained decoder concretizes this latent space to generate a candidate sequence X from the
conditional distribution P(x|[z, &]). This process is repeated S times to enable diverse sampling under
a fixed condition, and post hoc Gaussian noise is added to each generated sequence, as described in

Section 3.3.4.
20~ N(O,T), j=1,...,5 (31)
)A(gj)T = Decoder(z"), &), j=1,..., Scamples (32)
)A(gj)T = )A(gj)T te e~ N(O/ 0’3101591) (33)

3.5.2. Two-Stage Filtering

The reconstruction loss of each decoder-generated candidate sequence is computed using the
trained LSTM-CVAE, measured by the Mean Absolute Error (MAE) between the generated input and
its corresponding reconstruction:

1
MAE_N-T-F.

1=

N T F
Z Z ’xi,t,f — Xirf (34)
t=1 f=1

—_

where N is the number of sequences, T is the sequence length, and F is the number of features. x;; ¢
and %;; r represent the generated and reconstructed values, respectively, for sample i, time step ¢, and
feature f.

To filter out unrealistic candidates, the reconstruction MAE of each generated sequence is nor-
malized with respect to the distribution of reconstruction errors observed on the training set. Any
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candidate whose MAE exceeds the maximum reconstruction error from the training distribution is
discarded:
%U);is discarded if; MAE(X")) > max(MAEin) (35)

In the second stage, the remaining candidates are passed to the best-performing point predic-
tor(Section 3.2.3). The predicted value for each sequence is compared with the target value Ctarget, and
the closest-matching sequence is selected:

Xj.r = arg mjin f (Xg])T) — Ctarget (36)

LU

The final output X;'; is returned as the most realistic and target-consistent input sequence for
process optimization.

4. Experiment Results

We evaluate the proposed architecture on three multivariate time-series datasets: two from
real-world manufacturing sites and one from a public benchmark. The datasets span different manu-
facturing domains, ensuring result diversity and generalizability.

4.1. Data Collection and Preprocessing

We used two real-world datasets from sugar and bio manufacturing sites in South Korea, and
a public Kaggle dataset' with noisy sensors. For the Kaggle data, the last 100,000 samples are used,
targeting Sensor_02 (lag-1 autocorrelation p = 0.9637[69]). Samples with target < —5 are excluded,
leaving 99,573 points. First-order differences (x; — x;_1) are added to capture volatility. Table 1
summarizes dataset domains, sizes, and targets.

Table 1. Summary of datasets used in this study, including their domain, size, dimensions, and target variables.

Dataset Domain Raw Size Shape (Rows x Cols) Target Variable
A (Private) Sugar 71,820 71,820 x 29 Brix concentration
B (Private) Bio 9,201 9,201 x 15 pH concentration
C (Public) Sensor 99,573 99,573 x 25 Raw Sensor_02

Final dataset sizes and splits are shown in Table 2. Deep Learning model inputs follow the
format X € REXT*D where B, T, and D denote batch size, sequence length, and feature dimension,
respectively. Data is chronologically split into train, validation, and test sets. Feature-wise Min-Max
scaling [70] is applied using training set statistics, with scaling ranges of [—1, 1] for Datasets A and C,
and [0, 1] for Dataset B.

Table 2. Input and target data shapes across three datasets (A, B, and C), including train, validation, and test
splits.

Dataset  Split Input Shape  Target Shape Shape Format

Train 59,980 x 20 x 28 59,980 x 1 (B, T,D)
A Val 1,241 x 20 x 28 1,241 x 1 (B, T,D)
Test 10,000 x 20 x 28 10,000 x 1 (B,T,D)
Train 6,415 x85x 14 6,415 x 1 (B, T,D)
B Val 531 x85x 14 531 x 1 (B,T,D)
Test 2,000 x 85 x 14 2,000 x 1 (B, T,D)
Train 83,940 x 60 x 24 83,940 x 1 (B, T,D)
C Val 5,454 x 60 x 24 5,454 x 1 (B,T,D)
Test 10,000 x 60 x24 10,000 x 1 (B,T,D)

1 https:/ /www.kaggle.com/competitions/tabular-playground-series-apr-2022 /data
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4.2. Prediction Model Configuration and Results

Model settings are selected via validation. Architectures use ReLU [71] or TanH [72] activations
with 0.1-0.3 dropout. LSTM/DeepAR employ 32-64 hidden units; CNN-LSTM models apply 1-2
convolutional layers (16-32 filters, kernel size 2-3, causal padding)[73] followed by dense layers. All
models use Adam optimizer (Ir = 10~3)[74], with dataset-specific tuning of epochs, batch size, and
early stopping [75].

As referenced in Section 3.1, N = 100 stochastic forward passes are used in MCD. The confidence
factor n is set to 2.58 (99%) for Datasets A and B, and 1.65 (90%) for Dataset C. Table 3 summarizes the
best-performing predictors for point forecasting and uncertainty estimation across datasets.

Table 3. Best-performing models for point prediction and uncertainty estimation across three datasets. It reports
the top model for each task along with its respective performance score.

Dataset Measure Type Best Model Result
Balanced-MAE 0.6673

A Unified Uncertainty Score DeepAR 0.1776

B Balanced-MAE MCD CNN-LSTM  0.1742
Unified Uncertainty Score  DeepAR 0.2549

C Balanced-MAE MCD CNN-LSTM  0.3178
Unified Uncertainty Score  DeepAR 0.3306

4.3. Reconstruction Model Configuration and Results

Model configurations and parameters are selected based on validation datasets. Table 4 summa-
rizes the parameters based our proposed LSTM-CVAE. Model-specific variations include architecture,
batch size, KL weight, target-aware threshold, penalty weight and Gaussian noise level. To avoid
overfitting to rare peaks or extreme fluctuations,target-aware thresholds are set using the 95th per-
centile bounds of the training data. The penalty weight is fixed at 1.0 to ensure stable training while
maintaining constraint effectiveness.

The Adam optimizer (learning rate 10~3) and early stopping are consistently applied, with batch
sizes adjusted per dataset. KL divergence is linearly annealed over the first 50 epochs, increasing from
0 to a dataset-specific final weight to stabilize latent learning and prevent posterior collapse.

Table 4. Reconstruction Model configuration details stage across three datasets.

Parameter Dataset A Dataset B Dataset C
Model architecture 128-20-128 64-16-64 32-8-32
Best epoch (early stopping) 23/500 81/200 39/500
Batch size 64 32 64
Optmizer Adam (learning rate 1073)

KL Weight 0.440 1.00 0.760
Validation MAE Loss 0.0227 0.0376 0.0030
Recent Batch Size (N) 10 10 30
Target-Aware threshold (7) Upper 95th Percentile ~ Upper 95th Percentile  Lower 95th Percentile
Penalty weight (p) 1.0 1.0 1.0
Encoder noise (Gaussian std o) 0.5 0.1 0.001
Posthoc noise (Gaussian std o) 0.015 0.2 0.01

For evaluation, we compared the proposed model with four representative generative baselines:
standard Conditional VAE and CGAN [76], as well as their Wasserstein variants—Wasserstein-CVAE
and Wasserstein-CGAN [77,78]. Additionally, a simple statistical baseline (Mean Reversion) is included
by applying the mean of each variable from the test set. All generative models use the same LSTM
architecture, training epochs, and batch size to ensure fair comparison.

Table 5 reports the forecast-aware reconstruction (conditional generation) performance of our
method on Datasets A, B, and C compared to baseline approaches. The reconstruction metrics and
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point/uncertainty forecast errors are evaluated as referenced in Section 3.4.1 and Section 3.4.2 . In
addition to forecasting accuracy, these results validate that the reconstructed inputs remain both
plausible and target/uncertainty-consistent under injected noise. Notably, the forecasting performance
based on reconstructed inputs closely aligns with the actual test results in Table 3, highlighting their
reliability for uncertainty-aware prediction.

Although reconstruction errors are not always minimal, the reconstructed inputs consistently
preserve temporal dynamics critical for downstream forecasting—even under encoder and decoder
noise. This robustness highlights their ability to capture key volatility in test data, which is essential
for realistic, target-driven condition generation. These results emphasize that in forecast-aware
reconstruction, utility for downstream tasks is as important as reconstruction fidelity.

Figure 1 illustrates that reconstructed sequences not only produce accurate point predictions
closely aligned with the true targets across Datasets A, B, and C, but also provide well-calibrated
prediction intervals (PI) that capture the underlying distributional uncertainty of potential target
values.

In contrast, Figure 2 presents the best-performing baseline predictions (excluding Mean Reversion)
for each dataset. While these models generally capture overall trends, they tend to regress toward the
mean and fail to represent local volatility—limiting their ability to reflect sharp predictive fluctuations.
This highlights the advantage of our LSTM-CVAE in leveraging forecast-aware reconstruction (i.e.,
conditional sequence generation).

Taken together, these results highlight the robustness of our architecture in synthesizing realistic,
context-aware sequences for downstream decision-making. The model serves as a reliable backbone for
conditional process generation, producing tailored input sequences aligned with diverse probabilistic
quality targets. By maintaining predictive consistency in reconstructed sequences, it enhances the
reliability of condition-based simulation and optimization—enabling precise control over process
trajectories in quality-sensitive manufacturing.

Table 5. Comparison of Forecast-Aware Reconstruction Performance Across Models on Three Datasets. Metrics
include MAE and standard deviation of reconstruction error, MAE of first-order differences, and point/uncertainty
prediction error. Best results are highlighted in bold.

Model MAE(Jx—%]) Std (|[x —%[) MAE(Ax —A%|) Point/Uncertainty Error
Dataset A
Proposed 5.1387 11.4274 1.8455 0.7516/0.1805
Mean Reversion 4.8363 11.4224 1.1245 1.1228/0.2456
LSTM-CVAE 5.0352 11.9609 1.2786 1.01691/0.2582
LSTM-WCVAE 5.2271 12.0363 2.2277 1.1855/0.2801
LSTM-CGAN 12.6540 19.7733 41229 1.6908/0.4080
LSTM-WCGAN 6.2006 14.4517 5.5122 1.3956/0.3238
Dataset B
Proposed 10.7326 15.7482 9.8223 0.0191/0.2604
Mean Reversion 8.1444 11.4462 0.3268 0.0304/0.3042
LSTM-CVAE 9.6854 12.8046 0.8718 0.0299/0.2970
LSTM-WCVAE 10.0363 12.9578 1.8012 0.0302/0.2915
LSTM-CGAN 28.0970 63.6527 11.5516 0.0391/0.3864
LSTM-WCGAN 11.2080 15.0513 5.9422 0.0308/0.3127
Dataset C
Proposed 13.0457 27.4023 10.2044 0.4585/0.2948
Mean Reversion 9.3925 18.1818 3.6464 0.6926/0.3450
LSTM-CVAE 7.3437 10.2652 7.5356 0.5039/0.3060
LSTM-WCVAE 24.2246 55.4900 7.6082 0.5616/0.3831
LSTM-CGAN 27.6172 61.3529 7.0803 0.7971/0.5492
LSTM-WCGAN 10.8584 23.1551 12.3627 0.8194/0.4304
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Figure 1. Forecast-Aware Reconstruction Results based on our proposed LSTM-CVAE across Datasets A (top), B
(middle), and C (bottom). True targets (blue), predictive means (red), and prediction intervals (shaded) are shown.
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Figure 2. Forecast-Aware Reconstruction Results based on the best-performing baselines(excluding Mean Re-
version) across Datasets A (top), B (middle), and C (bottom). True targets (blue), predictive means (red), and
prediction intervals (shaded) are shown.

4.4. Evaluation Under Batch-Wise Temporal Shuffling

As referenced in Section 3.4.3, R is set to 5, and the results—based on the identical data shapes
shown in Table 2—are presented in Table 6. Despite the disruption caused by data reordering—which
makes these results not directly comparable to those in Table 5—point-wise and uncertainty estimation
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remain stable across all datasets, although reconstruction MAE and Ax loss slightly increase under
shuffling.

Notably, the uncertainty errors remain comparable to or even better than those in Table 5, indi-
cating that our LSTM-CVAE can reliably infer target-quality distributions even without inter-batch
temporal structure. Using the fixed best-performing predictor from Section 4.2, the model effectively
captures robust intra-sequence dynamics, enabling flexible process generation without strictly relying
on batch-level temporal constraints.

Table 6. Evalutation of Batch-wise Temporal Shuffling on Reconstruction and Forecasting Performance Across

Different Datasets.
Dataset  MAE(|x—2%)) Std ([x — %))  MAE(JAx — A%]) Point / Uncertainty Error
A 6.6684 £0.14 15.8906 + 0.14 9.3369 £0.017 0.4164 £ 0.02 / 0.2197 £ 0.009
B 10.6756 £ 0.38  15.5924 +0.44 14.9615+0.14 0.01632 +1.94 x 10> / 0.3047 + 0.003
C 18.25+0.7 40.82£1.78 13.54 +0.28 0.4993 £ 0.053 / 0.3054 £ 0.013

4.5. Multivariate Sequence Generation Evaluation

Building on the predictive robustness established earlier, the practical utility of our LSTM-CVAE
is evaluated in generating multivariate sequences conditioned on both probabilistic forecasts and
user-defined targets. This highlights the model’s ability to produce realistic, target-aligned sequences
for simulation and optimization in quality-sensitive manufacturing settings.

As referenced in Section 3.5.1, the recent N batches per dataset (Table 4) are selected from the
test set (Table 2) and used to compute point-wise and uncertainty-based targets with fixed forecasting
models (Table 3). These targets form the condition vector ¢; for sequence generation in forecasting-
driven scenario simulation.

Each dataset uses the augmented condition vector &; to generate S = 1000 candidate sequences
via the trained decoder. To expand coverage, minimum and maximum target values are additionally
incorporated for simulating user-defined scenarios beyond the forecast range.

Following the two-stage selection process (Section 3.5.2), sequences below the MAE threshold
are retained and the one best matching each target c; is selected . As shown in Table 7, generated
sequences remain coherent—even under relatively extreme targets(e.g., minimum or maximum val-
ues)—demonstrating reliable target alignment.

Table 7. Performance of Candidate Sequence Generation Across Datasets A, B, and C using various target
conditions(c;). Metrics include maximum training MAE, number of sequences passing filtering, target value, best
sequence index, and corresponding prediction.

Dataset Target Type max(MAE,in) Candidate Segs Ct Best Seq Index Best Prediction

Point 822 /1,000 74.25 674 74.2492
Lower 812 / 1,000 72.10 720 72.7877
A Upper 0.4054 846 / 1,000 75.00 4 75.0135
Min 867 / 1,000 60.08 499 65.32
Max 877 / 1,000 77.37 868 75.83
Point 899 / 1,000 7.0016 22 7.0015
Lower 898 / 1,000 6.9700 281 6.9732
B Upper 0.3037 899 / 1,000 7.1300 593 7.1076
Min 898 / 1,000 6.9535 897 6.9726
Max 898 / 1,000 7.1527 592 7.1260
Point 981/1000 -1.11 886 -1.1123
Lower 970/1000 -2.10 719 -2.0997
C Upper 0.1271 987/1000 1.05 838 1.0468
Min 953/1000 -4.90 57 -4.0312
Max 989/1000 1.67 649 1.3597

To further evaluate robustness, all test batches are randomly shuffled, and sequences are re-
generated from the last $N$ batches per dataset. Despite disrupted temporal order, comparable

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202508.0377.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 August 2025 d0i:10.20944/preprints202508.0377.v1

17 of 21

results (Table 8) confirm that our architecture captures localized intra-sequence patterns, consistently
producing realistic, context-aware sequences across both forecast-based and user-defined scenarios.

Table 8. Performance of Augmented Condition-Aware Sequence Generation Across Multiple Target Types and
Datasets (Batchwise-Shuffled).

Dataset Target Type max(MAE,in) Candidate Segs Ct Best Seq Index  Best Prediction

Point 781 / 1,000 74.25 351 74.2512
Lower 784 / 1,000 72.10 559 72.0962
A Upper 0.4054 796 / 1,000 75.00 140 74.9187
Min 792 / 1,000 60.08 44 65.3882
Max 753 / 1,000 77.37 671 75.7628
Point 869 / 1,000 7.0016 655 7.0015
Lower 898 / 1,000 6.9700 868 6.9746
B Upper 0.3037 871 / 1,000 7.1300 189 7.1240
Min 868 / 1,000 6.9535 769 6.9747
Max 816 / 1,000 7.1527 176 7.1356
Point 980/1000 -1.11 162 -1.1083
Lower 967/1000 -2.10 541 -2.0978
C Upper 0.1271 985/1000 1.05 142 1.0501
Min 953/1000 -4.90 583 -4.1495
Max 986/1000 1.67 647 1.3514

5. Discussion

This section provides insights into how the proposed framework achieves structural preservation,
conditional generation, and robustness—capabilities that are essential for sustainable and adaptive
manufacturing operations.

As shown in Table 5, the LSTM-CVAE does not always yield the lowest reconstruction error.
However, it more effectively retains temporal dynamics such as trend direction and volatility, which
are critical for downstream forecasting and real-time decision support. Figure 1 illustrates this behavior,
showing how forecast-aligned reconstructions follow both the target trajectory and the spread of the
predictive distribution. This contrasts with baseline models (Figure 2), which tend to regress toward
the mean and overlook process variability—limiting their usefulness in complex industrial contexts.

These advantages stem from key architectural components, including the augmented condition
vector, KL-regularization guided by target-awareness, and post-hoc noise injection. Together, these
elements promote the generation of plausible, data-consistent inputs that support realistic process
simulations and enable flexible control strategies.

Robustness under changing temporal structures is another critical consideration in manufacturing
environments, where batch order and sensor timing may not be consistent. As validated by Table 6,
the model maintains stable performance even when the temporal order of test batches is disrupted.
This indicates that the system captures local intra-sequence dependencies rather than relying on rigid
batch-to-batch sequencing, making it suitable for dynamic, real-world deployment.

Additionally, Tables 7 and 8 confirm the model’s ability to generate input trajectories that align
with both probabilistic forecasts and user-defined targets. This conditional generation supports target-
driven scenario simulation and process reconfiguration—essential tools in smart manufacturing where
process control must be both accurate and resource-efficient.

Overall, these findings validate the core design principle of this work: embedding predictive
relevance within the reconstruction process enables more than just statistical accuracy—it enables
interpretable, controllable, and realistic simulation of future process states. This capability lays a
foundation for scenario-based optimization that adapts to changing conditions, supports energy
conservation, reduces waste, and enhances system resilience.

By enabling simulation-driven decision-making with forecast consistency and robust sequence
generation, the proposed framework serves as a viable tool for smart, sustainable manufacturing
operations. It empowers practitioners to optimize for performance while accounting for variability
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and uncertainty—key factors in achieving environmentally responsible and operationally resilient
industrial systems.

6. Conclusion

As modern manufacturing systems grow increasingly complex and data-rich, the ability to predict,
adapt, and optimize in real time has become essential for achieving both operational efficiency and
sustainable outcomes [79]. Moreover, Al and machine learning enhance production efficiency and
sustainability by enabling data-driven optimization of complex processes—reducing energy use,
increasing throughput, and minimizing inefficiencies. These gains support cost-effective operations
and resource efficiency, demanding technical robustness and alignment with business goals [80].

This study proposes a two-stage deep learning framework that integrates uncertainty-aware
forecasting with conditional sequence generation, built upon an LSTM-CVAE architecture. The model
supports both inference (X — Y) and generative reasoning (Y — X), enabling realistic, simulation-
ready scenarios that align with probabilistic forecasts or user-defined targets. By combining predictive
accuracy with controllable input reconstruction, the framework facilitates adaptive process optimiza-
tion under dynamic operating conditions.

Experimental results across multiple real-world datasets demonstrate that the model maintains
critical temporal structures such as trend direction and local volatility, regardless of reconstruction
error levels. This capability supports more robust forecasting and decision-making, especially in envi-
ronments where data is noisy or production sequences are irregular. A two-stage filtering mechanism
further enhances the realism and reliability of generated scenarios by selecting sequences based on
reconstruction plausibility and forecast alignment with target distributions.

Importantly, the proposed framework contributes to sustainable manufacturing by enabling
energy-aware and resource-efficient process adjustments in response to variable quality or performance
targets. It allows practitioners to simulate, evaluate, and control manufacturing scenarios in real time,
thereby supporting intelligent scheduling, proactive maintenance, and reduced environmental impact.

However, several limitations remain. The system relies on carefully tuned hyperparameters [81],
and its Gaussian-based uncertainty modeling may limit expressiveness in highly skewed or multimodal
settings. The filtering mechanism also lacks formal guarantees under extreme distributional shifts.

Future work could explore alternative uncertainty modeling techniques to improve adaptability
and expressiveness. Reinforcement learning[82] may further enhance the sequence selection process,
while transformer-based architectures [83] offer promising avenues for handling streaming data and
long-range dependencies.

In summary, this research introduces a robust and extensible framework that bridges forecasting
with condition-aware sequence generation to support real-time simulation, optimization, and adaptive
control. By improving predictive fidelity and supporting operational flexibility, the proposed system
offers a viable pathway toward smart, resilient, and sustainable manufacturing operations.
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