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ABSTRACT

Inverse design in engineering often runs into a simple problem. Each labeled training
sample must be produced through expensive simulation, so building a large dataset is slow
and costly. This study addresses that problem for partial inverse design, where only some
design variables are specified and the rest must be inferred to reach a target performance
value. We propose CoNN-AL, a framework for data-efficient partial inverse design that adds
stream-based active learning to the Cooperative Neural Network with Denoising Autoencoder
(CoNN-DAE). The model estimates predictive uncertainty through Monte Carlo dropout and
uses it to decide, in real time, which incoming candidate samples are worth labeling, so the
limited labeling budget is spent on the most informative designs. We validate the framework
on a real-world automotive glass run channel dataset of more than 900,000 unique simulated
designs. With only 20,000 actively selected labels, about 2.3% of the training pool, CONN-AL
reaches R-squared values of 0.967 to 0.982 across all missing-variable levels, approaching
the upper-bound models trained on far more data. It reaches R-squared of at least 0.95 with
30 to 40% fewer labels than random sampling at the more difficult missing-variable levels
and, at the most challenging level, is the only strategy in this study to reach R-squared of
0.98. Together with this work, we publicly release the dataset to support future research on
data-driven design.

Keywords Partial inverse design - Cooperative neural networks - Active learning - Data efficient learning -
Automotive sealing design

1 Introduction

Conventional engineering design has long relied on iterative prototyping and repeated forward analyses,
particularly finite element analysis (FEA), to determine whether candidate geometries or material configura-
tions satisfy prescribed functional or mechanical requirements. However, this trial-and-evaluation paradigm
is often computationally intensive, time-consuming, and dependent on substantial computing resources for
repeated FEA simulations, especially when the design space is large, nonlinear, and high-dimensional [1, 2].
In industrial component design, numerical analysis must often be completed within a practical time frame to
support repeated design iterations [2]. As a result, data-driven machine learning approaches have increasingly
been investigated as efficient alternatives or surrogates for conventional simulation-based analysis such as
FEA and CFD, with the aim of approximating simulation outcomes at substantially lower computational
cost [3, 1, 2, 4, 5, 6]. Building upon this development, data-driven inverse design has emerged as a promising
paradigm in which machine learning models are used to infer candidate design-variable configurations from
prescribed performance targets, thereby reducing reliance on repeated forward simulation loops during design
exploration [7, 8, 9, 10, 11].

In practice, inverse design problems are often further complicated by settings in which only a subset of design
variables can be freely determined, while the remaining variables are fixed in advance by manufacturing
requirements, operational conditions, material availability, or regulatory constraints. This setting closely
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relates to constrained optimization problems, which seek feasible or optimal solutions under prescribed
variable restrictions and design conditions [12]. Bayesian optimization has been widely adopted in prior
studies to address such constrained and computationally expensive problems [13, 14]. However, Bayesian
approaches can become computationally demanding and sensitive, particularly when the objective function is
complex, the design space is high-dimensional, or the dataset is large [13, 12]. In our previous work, we
formulated this challenge as a partial inverse design problem and proposed a Cooperative Neural Network
(CoNN) framework, which integrates a surrogate model and an imputation model through a cooperative
learning mechanism to infer undetermined variables while satisfying both the observed constraints and the
desired target output. Once trained, CoNN can produce feasible design solutions through a single forward
pass, enabling rapid inference without the need for retraining when constraint settings vary [9]. Although
this framework effectively addressed the constraint-aware aspect of partial inverse design, it did not explicitly
consider another important practical bottleneck related to the high cost of obtaining new labeled samples. In
many engineering domains, each additional label requires expensive finite element simulation, laboratory
experimentation, or other high-fidelity evaluation procedures [1, 3, 12]. As a result, even if the inverse
design framework itself is efficient at inference time, its practical use may still be constrained by the cost of
constructing sufficiently informative training data. This leaves an important gap in partial inverse design
research, since beyond handling constrained variable completion, there is also a need to reduce the number
of costly evaluations required to achieve strong design performance.

More broadly, data-driven inverse design methods, including neural network-based approaches, typically
require large volumes of labeled training data to achieve reliable generalization across the design space [15,
16]. Given the high cost of obtaining each labeled sample, as discussed above, this creates a fundamental
data bottleneck in which the model demands extensive labeled examples to learn complex input-output
relationships, yet the cost of acquiring each label severely limits the amount of data that can be practically
obtained within a given project budget. A common strategy to construct training datasets is random
sampling from the design space, yet this approach treats candidate samples largely without regard to
their informativeness, even though some regions may already be well represented while others remain
underrepresented and potentially more valuable for model improvement [17, 18]. Consequently, a substantial
portion of the labeling budget may be spent on redundant samples. This inefficiency becomes particularly
pronounced in high-dimensional design spaces, where achieving adequate coverage requires exponentially
more samples, a phenomenon commonly referred to as the curse of dimensionality [19]. Therefore, the
practical deployment of data-driven inverse design frameworks in industrial settings is often limited not by
the capacity of the model itself, but by the feasibility of constructing a training set that is both sufficiently
large and sufficiently informative under a constrained simulation budget.

To address this data bottleneck, active learning has been proposed as a principled framework that enables the
model to selectively query the samples expected to be most informative for improving performance [17, 18,
20, 21, 22, 23]. Rather than passively receiving labels for arbitrarily chosen data points, an active learner
evaluates the potential value of each candidate and requests labels only when the expected benefit justifies
the labeling cost [17, 22, 23]. Among the various active learning scenarios, stream-based active learning
is particularly well suited for engineering design applications. In this setting, unlabeled candidate samples
arrive sequentially, and the model must decide in real time whether to query the oracle for a label or discard
the sample [17, 18, 24]. This is a natural fit for simulation-driven design workflows, where new candidate
configurations can be generated continuously and each evaluation by the oracle, typically a finite element
simulation or other high-fidelity analysis, is expensive and time-consuming. A common approach to guide
the query decision in stream-based active learning is uncertainty sampling, in which the model estimates
its predictive uncertainty for each incoming sample and selects those for which it is least confident [17].
By concentrating the labeling budget on regions of the design space where the model is most uncertain,
this strategy can achieve comparable or superior predictive performance with significantly fewer labeled
samples than random sampling [20, 25]. Beyond this specific setting, active learning has shown promise in
various scientific and engineering domains, including biotechnology [26], metallurgy [20], and materials and
structural design [27, 22, 21, 23, 28, 25], where it has been used to improve model performance or reduce
the number of expensive experiments and simulations required for data acquisition.

Although both partial inverse design and active learning have seen substantial progress, a gap remains at their
intersection. On the partial inverse design side, the Cooperative Neural Network enables constraint-aware
inference under predetermined design variables, yet it assumes a sufficiently large labeled dataset and does
not provide any mechanism for reducing the cost of acquiring new labeled samples. On the active learning
side, prior studies that combine active learning with inverse design operate predominantly in pool-based
settings, in which the learner selects samples from a fixed candidate set prepared in advance rather than from



a continuous stream of incoming candidates. These studies also assume that all design variables are freely
selectable during the query process, which makes them incompatible with partial inverse design problems
where a subset of variables is predetermined by manufacturing or regulatory constraints. Consequently, to
the best of our knowledge, no prior work has integrated stream-based active learning with a cooperative
imputation-surrogate architecture, and uncertainty-driven sample acquisition has not been explored as a
means to reduce the labeling cost of partial inverse design under realistic engineering design settings. This
gap motivates the present study, which aims to extend cooperative neural networks with a stream-based
active learning strategy tailored for constrained and expensive partial inverse design problems.

To address this gap, we propose CoNN-AL, a framework that integrates stream-based active learning into
CoNN [9], a cooperative surrogate-imputation architecture for partial inverse design. Predictive uncertainty is
estimated from the cooperative surrogate using Monte Carlo dropout and used as an acquisition signal to
decide in real time whether each incoming candidate sample should be queried from the oracle or discarded,
thereby concentrating the labeling budget on the most informative regions of the design space. We validate
CoNN-AL on a real-world automotive glass run channel (GRC) dataset developed in collaboration with a
Korean automotive company. A GRC is a sealing component installed along the vehicle window frame whose
sealing force must satisfy prescribed target values under fixed geometric and material design constraints.
The dataset contains more than 900,000 samples generated by executing a full-factorial parametric design
sweep in CATIA [29] and evaluating each configuration through MSC Marc finite element analysis [30],
providing a realistic testbed that reflects the partial variable setting and expensive evaluation typical of
industrial engineering design. With this framework and testbed in place, the main contributions of this
study are fourfold. First, we propose CoNN-AL, the first integration of stream-based active learning with a
cooperative surrogate-imputation architecture for partial inverse design under expensive evaluation. Second,
we design an uncertainty-based acquisition strategy for stream-based active learning in inverse design, using
Monte Carlo dropout over the cooperative surrogate to estimate predictive uncertainty and guide real-time
query-or-discard decisions. Third, we conduct a comprehensive empirical evaluation on a real-world GRC
dataset of more than 900,000 samples and show that CoONN-AL achieves substantial label efficiency gains over
random sampling under constrained labeling budgets. Fourth, together with this study, we publicly release
the GRC dataset as a large-scale simulation-based benchmark to support reproducibility and future research
on data-driven inverse design.

The remainder of this paper is organized as follows. Section 2 presents the proposed CoNN-AL framework,
including the cooperative surrogate-imputation architecture and the stream-based active learning strategy
driven by Monte Carlo dropout uncertainty. Section 3 describes the GRC dataset, the partial inverse design
problem formulation, the training phases, and the evaluation metrics used in the experiments. Section 4
presents and discusses the experimental results, comparing the proposed active learning strategy against an
upper-bound reference and a random sampling baseline. Finally, Section 5 concludes the paper and outlines
limitations and directions for future work.

2 Methodology

This study combines two complementary components to address the partial inverse design problem under
limited labeling budgets. The first component is the Cooperative Neural Network with Denoising Autoencoder
(CoNN-DAE), a two-model architecture that jointly reconstructs missing design variables and predicts the
target performance criterion. The second component is a stream-based active learning framework that
selectively acquires the most informative samples for labeling, guided by predictive uncertainty. Together,
these two components form the proposed CoNN-AL framework. The CoNN-DAE architecture is illustrated in
Fig. 1, and the active learning loop is shown in Fig. 2.

2.1 Cooperative Neural Network (CoNN-DAE)

This study adopts the Cooperative Neural Network with Denoising Autoencoder (CoNN-DAE) introduced
by Nugraha et al. [9] as the base model for partial inverse design. The architecture, illustrated in Fig. 1,
consists of two interconnected networks, namely a regression-based surrogate that maps complete design
configurations to the target performance output, and an autoencoder-based imputation network that recovers
missing design variables from incomplete inputs. These two networks are trained simultaneously, with the
surrogate supplying a performance signal that steers the imputation network toward reconstructions that not
only resemble the original design geometrically but also yield accurate performance predictions.



The surrogate network serves as a forward predictor. Given a matrix of complete design variables X € R"*¢
and the associated performance vector y € R” (sealing force in the GRC application), the network learns a
function f(-) such that

y = f(X) €y

The training objective is the standard regression loss over N training samples, defined as
| N
_ 2: a2
£REG - N -~ (yz yz) (2)

This pre-trained surrogate is subsequently frozen and reused within the cooperative loop, where it evaluates
designs completed by the imputation network and provides gradient-based feedback on their expected
performance.

The imputation network addresses the core task of reconstructing unknown design variables. It receives three
inputs, namely the original complete record DO (used only during training as the reconstruction target), a
corrupted copy DC in which selected variables have been zeroed out, and a binary mask MM that flags which
entries are observed (1) versus missing (0). The mask and corrupted data are concatenated column-wise
(DC @ MM) so that the network can distinguish genuinely zero-valued features from masked ones. An
encoder f.,. compresses this augmented input into a latent code, computed as

z = fone(DC & MM) 3)

A decoder gq.. then maps the latent code back to the full variable space. Because the reconstructed values
must remain within physically meaningful bounds, each output dimension is clipped to the observed feature
range in the training data [31], expressed as

X = min (max (gdec (Z)7 Xmin) y Xmax) (4)

Finally, the known (unmasked) entries from DC are restored so that only the missing positions are filled by
the network, yielding

X' =(1-MM)® X +DC 5)

where © is element-wise multiplication. The resulting X’ represents the completed design, ready for
performance evaluation by the surrogate.

The key aspect of the CONN-DAE framework is the joint optimization that couples both networks. After
the imputation network produces X', the surrogate evaluates it to obtain y = f(X’). Two loss terms are
computed, namely a reconstruction loss £; that penalizes deviations between the completed design X’ and
the original design DO, and a performance loss £, that penalizes deviations between the surrogate prediction
y and the true output y, written as

L1 = MSE(X’, DO), Lo =MSE(y, y) (6)
A weighted combination forms the total training objective for the imputation network, given by
LrotaL = a Ly + (1 —a) Ly 7

The coefficient « € [0, 1] balances geometric accuracy against performance fidelity. During backpropagation,
gradients from £, flow through the frozen surrogate back into the imputation network, effectively teaching it
that a good reconstruction is one whose predicted sealing force matches the ground truth, not merely one that
stays numerically close to the original variables. This performance-aware training signal is what separates the
cooperative architecture from a standard denoising autoencoder and is the property that makes CONN-DAE
particularly suitable for integration with active learning, where the surrogate’s uncertainty estimates directly
inform sample acquisition decisions.

Moreover, the cooperative architecture is not limited to a denoising autoencoder. As demonstrated by Nugraha
et al. [9], the AE-based imputation model can be replaced with alternative autoencoder variants. A standard
autoencoder is typically deterministic, whereas a Variational Autoencoder (VAE) by Kingma and Welling [32]
is stochastic and probabilistic. A Wasserstein Autoencoder (WAE) by Tolstikhin et al. [33] can be implemented
with either a deterministic or a stochastic encoder, depending on the formulation.
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Figure 1: Architecture of the Cooperative Neural Network with Denoising Autoencoder (CoNN-DAE), adapted from
Nugraha et al. [9]. The surrogate model (top) maps complete designs to the performance output. The imputation model
(bottom) reconstructs missing variables via an autoencoder, jointly optimized through reconstruction and performance

losses.



2.2 Stream-Based Active Learning

To reduce the labeling cost associated with simulation-based data generation, this study integrates CONN-DAE
with a stream-based active learning framework, as illustrated in Fig. 2. In the stream-based setting, unlabeled
samples arrive sequentially from a continuous data source. For each incoming sample x;, the model must
decide in real time whether to query the oracle (finite element simulation) for its label or to discard the
sample. This is in contrast to pool-based active learning, where the learner selects from a fixed pool of
candidates [17]. The stream-based formulation is a natural fit for simulation-based engineering design, where
new candidate designs can be generated on demand and evaluated individually.

The active learning loop proceeds as follows. The CoONN-DAE is first trained on a small initial labeled pool. As
new unlabeled samples stream in, the trained model generates predictions using the surrogate component.
Predictive uncertainty is then estimated via MC-Dropout [34], in which T stochastic forward passes are
performed with dropout layers active at inference time. The predictive variance for each sample is computed
as

1 & .
o’ (x;) = T Z (i — Qi)Q (8)
=1

where ); ; is the prediction from the ¢-th forward pass and 7; = % Zthl s + is the mean prediction. Samples
with high predictive variance are considered informative and queried for labeling through the oracle (FEA
simulation), while low-uncertainty samples are discarded. The newly labeled samples are added to the
training pool, and the model is fine-tuned on the expanded dataset. This process repeats over multiple rounds,
progressively building a labeled dataset that is concentrated on the most informative regions of the design
space.

By focusing labeling effort on high-uncertainty samples, active learning avoids the redundancy inherent in
random sampling, where many acquired samples may fall in well-understood regions of the design space.
The specific hyperparameters governing the active learning loop, including the initial pool size, stream batch
size, acquisition batch size, uncertainty-to-random sampling ratio, and number of rounds, are detailed in
Section 3.3.
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Figure 2: Stream-based active learning loop integrated with CONN-DAE. Unlabeled samples stream in continuously, and
the model estimates predictive uncertainty via MC-Dropout. High-uncertainty samples are queried from the oracle (FEA
simulation) and added to the labeled pool, while low-uncertainty samples are discarded.




3 Experiment Setup

This section describes the dataset, problem formulation, model architecture, experimental protocol, and
evaluation metrics used throughout the study. All experiments share the same model, preprocessing, and
evaluation pipeline to ensure fair comparison across training strategies.

3.1 Dataset

The Glass Run Channel (GRC) is a rubber sealing component installed along the vehicle window frame to
guide and seal the glass panel, as illustrated in Fig. 3(a). The GRC dataset used in this study was originally
introduced and described in Nugraha et al. [9], developed in collaboration with a Korean automotive
company. The original dataset comprises 885,735 unique design records, each parameterized in CATIA [29]
and evaluated through MSC Marc finite element analysis [30] (Fig. 3(b)). For this study, an additional
20,480 samples were generated under the same simulation protocol and appended to the original dataset,
bringing the combined total to 906,215 unique records. The full combined dataset is publicly available under
the Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International (CC BY-NC-SA 4.0) license
at https://doi.org/10.5281/zenodo.23096923. In the shared version of the dataset, the independent
variables are provided in standardized form because of a request that the original design values not be
disclosed. The sealing force output is kept in its original physical unit (N/dm).
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Figure 3: (a) Ilustration of the GRC sealing profile location on the vehicle window frame. (b) The GRC profile during
finite element analysis in MSC Marec.

Each record consists of 12 design variables organized into three functional groups, together with one output
variable, as summarized in Table 1. The Lip group describes the sealing-lip geometry through four parameters,
which are the seal-related gap parameter, the radius of curvature at the lip tip, the radius of curvature at the
glass-flat region of the lip profile, and the radius of curvature at the upper-flat region of the lip profile. The
Notch group characterizes the notch-section geometry through the local lip thickness in the notch region,
the notch radius, and two angular parameters, namely the column-notch angle and the notch-lip angle,
which govern the relative orientation of the structural features in the sealing cross-section. The Design group
comprises the remaining structural dimensions, namely column thickness, dam thickness, the position of the
inner outer lip, and the radius of curvature of the inner outer lip. The output variable is the sealing force
(N/dm), representing the sealing effectiveness of the GRC design under the prescribed finite element analysis
conditions.

The dataset was partitioned into a training pool of 886,215 unique samples and a held-out test set of 20,000
unique samples. No design combination appears in both the training pool and the test set. The test set
size was determined in consultation with domain experts, who confirmed that 20,000 samples provide
sufficient coverage of the GRC design space for reliable performance evaluation. The test set was fixed
across all experiments to ensure consistent evaluation. Our experiments started from the original recorded
values. Before training, the input variables were standardized so that features measured on different scales
contributed comparably during gradient-based optimization, and the standardization statistics were computed
only from the training pool. The output variable was standardized in the same way, so all error metrics in
this study are reported on the standardized output scale. The publicly shared dataset provides the input
variables in this standardized form, rounded to three decimals, so the shared data match the inputs used
in our experiments. The large scale of this dataset is central to our study. It enables reliable upper-bound
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Table 1: Groups and units of the GRC design variables and output. Units refer to the original measurements; the shared
dataset provides the design variables in standardized form.

Group Variable Unit
Seal gap mm

. Lip tip radius mm
Lip Related Data Lip radius at glass flat mm
Lip radius at top flat mm

Notch lip thickness mm

Notch radius mm

Notch Related Data Column-notch angle

Notch-lip angle

Column thickness mm
Design Related Data Dam thlckne.ss . mim

Inner outer lip position ~ mm

Inner outer lip radius mm
Output Sealing force N/dm

benchmarking, reflects the realistic cost of simulation-based labeling in engineering design, and provides
broad coverage of the design space for evaluating active learning under varying degrees of missing-variable
difficulty.

3.2 Problem Formulation

This study addresses the partial inverse design problem, in which only a subset of design variables is
specified and the remaining variables must be inferred to satisfy a target performance criterion. In practice,
certain design parameters may be predetermined by engineering constraints, manufacturing requirements, or
regulatory standards, while others remain free for optimization. The task is to reconstruct the unspecified
variables such that the completed design achieves the desired sealing force.

To encode this setting, a binary mask matrix (MM) is used to indicate which variables are known (1) and
which must be inferred (0), following the formulation in [9]. For each sample, the number of masked
variables is drawn randomly between 1 and a specified maximum, and the positions of the masked variables
are also selected at random. The parameter MM defines this maximum, ranging from MM=1 (at most one
variable unknown per sample) to MM=6 (up to six variables unknown out of twelve). Because both the
count and identity of the missing variables vary randomly across samples, the model must learn to reconstruct
arbitrary subsets of design variables rather than a fixed missing pattern. Increasing MM progressively raises
the difficulty of the inference task, as the model encounters a wider range of incomplete input specifications.
Throughout this paper, the bold symbol MM denotes the binary mask matrix itself, while the MM level
(MM=1 to MM=6) denotes the maximum number of missing variables per sample. This formulation enables
systematic evaluation of model robustness under varying degrees of design incompleteness.

3.3 Evaluation Configuration

The experiments are organized into four stages, each designed to address a specific question about data
efficiency and model performance under partial inverse design conditions. All experiments use the CONN-DAE
architecture as described in Section 2.

3.3.1 Upper-Bound Benchmark

The first stage establishes the performance ceiling by training CoNN-DAE on two large labeled subsets of
100,000 samples and the full training pool of 886,215 samples. Each model is trained for 100 epochs.
These upper-bound models serve as reference points against which data-efficient strategies are compared.
Performance is evaluated separately for each MM level (MM=1 to MM=6) to characterize the relationship
between training set size and prediction quality under varying degrees of incomplete input specification.



3.3.2 Random Sampling Baseline

The second stage constructs learning curves using random sampling as a passive data acquisition baseline.
Models are trained for 100 epochs on randomly selected subsets of increasing size, from 10,000 to 100,000
samples in steps of 10,000, drawn from the training pool. Each training size is evaluated separately for each
MM level (MM=1 to MM=6). This stage quantifies how model performance scales with dataset size under
uninformed (random) selection, establishing the baseline against which active learning is compared.

3.3.3 Stream-Based Active Learning

The third stage evaluates stream-based active learning as an informed data acquisition strategy, conducted
separately for each MM level (MM=1 to MM=6). The active learning loop proceeds as follows. An initial
seed pool of 3,000 randomly selected labeled samples is used to train the CONN-DAE. In each subsequent
round, a stream batch of 3,000 candidate samples arrives from the unlabeled stream. The 750 candidates
with the highest predictive uncertainty (estimated via MC-Dropout with 7" = 20 forward passes) and 250
randomly chosen candidates are queried from the oracle, while the remaining 2,000 candidates are discarded
and do not return to the stream. Each round therefore adds 1,000 labeled samples to the training pool. After
each acquisition, the model is fine-tuned from its previous weights for 10 additional epochs. This incremental
fine-tuning schedule differs from the single 100-epoch training used in the upper-bound and random sampling
stages, so the reported comparisons represent the performance of the complete acquisition-and-training
protocols at matched labeling budgets. This process is repeated for 100 rounds, yielding a final labeled pool of
approximately 103,000 samples. Because the model is evaluated in each round before that round’s acquisition,
the model evaluated at round r has been trained on 3,000 + 1,000 (r — 1) labeled samples. Key checkpoints
are examined at round 18 (20,000 labels), round 74 (76,000 labels), and round 100 (102,000 labels).

3.3.4 Label Efficiency Analysis

The fourth stage directly compares the three strategies. Active learning, random sampling, and upper-bound
training are compared under matched labeling budgets. Two comparison points are examined, (a) a fixed
budget of 20,000 labeled samples, and (b) the most efficient active learning checkpoint at approximately
76,000 labels. Additionally, label efficiency is quantified by measuring the number of labeled samples each
strategy requires to reach specific R? thresholds under the most challenging scenario (MM=6).

3.4 Evaluation Metrics
Model performance is assessed using five complementary metrics, summarized in Table 2. All metrics are

computed on the held-out test set of 20,000 samples and reported separately for each MM level (MM=1
through MM=6) to characterize performance across different degrees of incomplete input specification.

Table 2: Evaluation metrics and their definitions.

Metric Definition
m a2
Coefficient of Determination (R?) 1-— Zﬁl(yily_ll
. > i1 (i — )
Mean Squared Error (MSE) =3 (g — 9:)?
m
1
Mean Absolute Error (MAE) - Ty — Bl
1
Root Mean Squared Error (RMSE) \/ E iy (yi — 9i)?
Symmetric Mean Absolute Percentage Error — Z Jyi =9l
(sSMAPE) lyil + 19|

4 Results and Discussion

This section presents the experimental results across the four phases described in Section 3. The overarching
finding is that CONN-DAE is naturally suited to partial inverse design under incomplete input specification,



and that stream-based active learning amplifies its data efficiency, enabling near upper-bound performance
with a fraction of the labeling cost that would otherwise require extensive CAE simulation. The results are
organized to support three contributions, namely (A) data efficiency of active learning, (B) near upper-bound
performance with limited labels, and (C) robustness across partial inverse design difficulty levels. The fourth
contribution stated in Section 1, the public release of the GRC dataset, is addressed in Section 3.1 and is
therefore not evaluated here.

4.1 Upper-Bound Benchmark Performance

The upper-bound experiment establishes the performance ceiling for CONN-DAE on the GRC dataset by
training on 100,000 and 886,215 labeled samples. In the original CoNN study [9], training on approximately
10% of the available data already yielded strong predictive performance, demonstrating the model’s capacity
to learn effectively from limited supervision. However, even a 10% subset of the GRC dataset corresponds to
roughly 90,000 labeled designs, each requiring CATIA modeling and MSC Marc finite element evaluation, a
process that demands substantial computational resources. This cost motivates the investigation of active
learning as a strategy for targeted, efficient data acquisition. The reliability of CONN-DAE under limited data
is precisely the property that makes this integration naturally promising. If the model already performs well
with small datasets, then intelligently selecting which samples to label should amplify this advantage further.

A side-by-side comparison of MSE, MAE, sMAPE, and R? across the two training sizes for each MM level, as
shown in the radar charts of Fig. 4, reveals that the two training sizes trace very similar polygons in most
panels, with visible gaps only in the MSE panel at MM=2 and MM=3. In the R? panel, both training sizes
consistently achieve values between 0.97 and 0.99, with differences of about one percentage point or less at
every MM level. The MSE panel shows that the 886,215 model achieves lower error at most MM levels, most
visibly at MM=2 and MM=3, while at MM=1 the 100,000 model performs slightly better. In contrast, the
MAE and sMAPE panels show marginally lower values for the 100,000 model across all MM levels. This near-
equivalence across training sizes indicates that model performance is already saturated at 100,000 labeled
samples, nearly an order of magnitude less than the full dataset. This saturation is a direct consequence of the
cooperative learning mechanism in CONN-DAE, which enables efficient utilization of available supervision. The
observed differences are sufficiently small to be practically negligible in downstream engineering use. In other
words, both models provide effectively comparable predictive quality despite the large difference in labeling
budget. From a practical standpoint, this result highlights the suitability of CoNN-DAE for data-efficient
partial inverse design, confirming contribution (B), namely that the model approaches its performance ceiling
well before the full labeling budget is exhausted.

Figures 5 and 6 show the ground-truth versus predicted scatter plots for the 100,000 and 886,215 models,
respectively, with one subplot for each MM level. In both figures, the predictions align closely with the identity
line, indicating accurate estimation across the full output range. As MM increases from 1 to 6, the scatter
shows a modest increase in dispersion and a greater number of off-diagonal points, reflecting the increasing
difficulty of reconstructing a larger number of missing design variables from more incomplete inputs. However,
this degradation remains gradual rather than severe. Even at MM=6, the predictions remain concentrated
near the diagonal and maintain R? values above 0.97. Moreover, the overall scatter patterns for the 100,000
and 886,215 models are visually very similar, providing further evidence that performance is already saturated
at 100,000 labeled samples. This stable behavior is consistent with the findings of the original CoNN study [9],
where the cooperative DAE framework remained robust as the number of undetermined variables increased
and continued to outperform standalone imputation models under more challenging conditions. These results
support contribution (C), showing that CONN-DAE remains robust across varying levels of partial inverse
design difficulty, while the mild increase in dispersion at higher MM levels is likely associated with the greater
intrinsic difficulty of the task.

4.2 Random Sampling Baseline

The learning curves for the random sampling baseline across all six MM levels are shown in Fig. 7, covering
MSE, MAE, RMSE, sMAPE, and R? as a function of training size. Each metric panel includes an inset bar
chart reporting the corresponding value at the 40,000-sample checkpoint, marked by the dashed vertical
line, and the bottom-right panel summarizes data efficiency as the number of training samples required
at each MM level to reach R? > 0.95. The overall trend is highly consistent across MM levels. All error
metrics drop sharply from 10,000 to 30,000 samples, showing that the model benefits most from the initial
increase in training data. After this early improvement phase, the gains become progressively smaller, and
the curves reach an evident plateau at around 40,000 samples. This behavior indicates diminishing returns
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Upper-Bound Benchmark Across 100 and 886 Thousand Training Sizes
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Figure 4: Radar chart comparison of upper-bound performance metrics (MSE, MAE, sMAPE, R?) between 100,000 and
886,215 training sizes across MM levels. Performance is largely saturated at 100,000 samples.

from additional randomly selected labels once the major structure of the design space has already been
learned. The inset bar charts quantify this plateau. At the 40,000-sample checkpoint, the model attains R?
values between 0.968 (MM=5) and 0.985 (MM=1), with the most difficult setting, MM=6, at 0.970. These
values are close to the upper-bound benchmark although less than half of the 100,000-sample budget is used,
confirming that random sampling reaches a practical saturation region relatively early and that additional
randomly selected data contribute increasingly limited performance gains after the initial stage.

This plateau behavior holds consistently across all MM levels, suggesting that the relationship between
dataset size and model performance under random sampling is relatively stable with respect to the degree
of incomplete input specification. Although several non-monotonic fluctuations appear at specific size and
MM combinations, the differences are very small in magnitude and have little practical effect on the overall
interpretation of the results. For example, the MSE curve for MM=2 increases slightly around 70,000
samples before improving again at 80,000, and MM=4 shows a temporary error increase around 90,000
before recovering at 100,000. Such minor variations are reasonable when comparing independently sampled
random subsets, especially after performance has already approached the practical saturation region near the
upper-bound benchmark. Taken together, the overall trend remains clear and consistent across MM levels.

The plateau around 40,000 samples, together with the observed non-monotonic behavior, provides a clear
motivation for active learning. The data efficiency panel of Fig. 7 shows that random sampling requires
10,000 samples to reach R? > 0.95 at MM=1 and 20,000 samples at every other MM level (MM=2 to MM=6).
These values establish the reference labeling cost against which the active learning strategy is evaluated in
Section 4.3. Since performance enters a practical saturation region by around 40,000 randomly selected
samples, an informed acquisition strategy that prioritizes more informative samples may achieve comparable
performance with fewer labels, or improved performance under the same labeling budget. In the GRC setting,
each labeled sample requires CATIA-based design generation and MSC Marc simulation. Therefore, the
diminishing returns beyond 40,000 samples indicate that additional labeling cost under random sampling
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Random Sampling Performance Across Training Sizes
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Figure 7: Learning curves for random sampling baseline across all MM levels. Performance metrics (MSE, MAE, RMSE,
SsMAPE, R?) are shown as a function of training size (10,000-100,000). Insets report each metric at the 40,000-sample
checkpoint (dashed line). The bottom-right panel shows the number of training samples required to reach R? > 0.95 at
each MM level. A performance plateau is reached around 40,000 samples.

yields only limited benefit. These diminishing returns motivate contribution (A), indicating that a targeted
acquisition strategy may achieve comparable performance at a substantially lower labeling cost, which is
examined in the following subsections.

4.3 Stream-Based Active Learning

The most notable feature of the CoNN-AL active learning process, as illustrated in Fig. 8, is the steep
improvement in all metrics during the first 10-15 rounds, after which the curves level off into a stable plateau.
The figure reports MSE, MAE, RMSE, sMAPE, and R? over 100 acquisition rounds. Insets report each metric
at round 18, marked by the dashed vertical line, and the bottom-right panel summarizes data efficiency as
the number of labeled samples, and the corresponding round, at which each MM level reaches R? > 0.95.
This rapid early convergence reflects the core mechanism of active learning. By prioritizing high-uncertainty
samples, the model acquires the most informative examples first. Steep early improvement also occurs
under random sampling, so the strength of this mechanism is confirmed separately by the matched-budget
comparison in Section 4.4, where active learning reaches higher accuracy than random sampling at the same
20,000-label budget. By round 18, with only 20,000 labeled samples, R? values already range from 0.967 to
0.982 across all MM levels, while MSE ranges from 0.0183 to 0.0330 and sMAPE remains below 0.25 at all
MM levels. The consistency of these values across increasing MM demonstrates that the uncertainty-guided
acquisition strategy selects samples that are informative across the full spectrum of design incompleteness.
Even under the most challenging scenario (MM=5 and MM=6), the model maintains R? of at least 0.967,
supporting contribution (C), namely that robustness across partial inverse design difficulty levels is preserved
even at low labeling budgets.

The data efficiency panel further quantifies the labeling cost of active learning relative to the random sampling
baseline established in Section 4.2. Active learning reaches R? > 0.95 with 11,000 labeled samples (round 9)
at MM=1, 12,000 labels (round 10) at MM=2 and MM=4, and 14,000 labels (round 12) at MM=3, MM=25,
and MM=6. In contrast, random sampling requires 20,000 samples to reach the same threshold at every
MM level except MM=1 (Fig. 7). Active learning therefore reduces the labeling cost to this threshold by
30-40% at the five more difficult MM levels, while the two strategies remain comparable at MM=1 (10,000
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versus 11,000). This pattern is consistent with the difficulty of the inference task. When only one variable is
missing, most candidate samples are informative and uncertainty-guided selection provides limited additional
value, whereas at higher MM levels informative samples become scarcer and the benefit of uncertainty-based
acquisition increases accordingly. This threshold result supports contribution (A) from the early rounds of the
acquisition process.

Active Learning at Round 18 (20,000 Labeled Samples)
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Figure 8: Active learning convergence curves (MSE, MAE, RMSE, sMAPE, R?) over 100 rounds, with insets reporting each
metric at round 18 (20,000 labeled samples), marked by the dashed line. The bottom-right panel shows the number of
labeled samples, and the corresponding round, required to reach R? > 0.95 at each MM level. Performance is consistent
across all MM levels at this early checkpoint.

Figure 9 examines prediction quality at round 18 through ground-truth versus predicted scatter plots for each
MM level. Across all six MM levels, the predictions align closely with the identity line, achieving R? values
of 0.982 (MM=1), 0.975 (MM=2), 0.973 (MM=3), 0.970 (MM=4), 0.967 (MM=5), and 0.970 (MM=6).
These values approach the upper-bound benchmark (Figs. 4, 5, and 6) despite using only 20,000 labeled
samples, roughly 2.3% of the full training pool of 886,215. In the original CoNN study [9], assembling the
full GRC dataset of 885,735 designs required approximately three weeks of continuous CATIA/MSC Marc
simulation. The active learning result at round 18 demonstrates that comparable predictive performance is
achievable with a fraction of that labeling effort when guided by informative sample selection. This supports
contribution (B), namely near upper-bound performance with limited labels, and contribution (A), namely
the data efficiency advantage of active learning over exhaustive labeling.

To examine how performance evolves across the active learning process, R? is compared at three key
checkpoints, round 18 (20,000 labeled samples), round 74 (76,000 labeled samples), and round 100
(102,000 labeled samples), as shown in Fig. 10. The progression across checkpoints reveals the dynamics of
active learning convergence. At round 18, the model already achieves R? values of 0.967-0.982, indicating
that most of the learning occurs in the early rounds when the most informative samples are acquired. By
round 74, several MM levels reach their highest observed R? values, notably MM=4 (0.981) and MM=6
(0.984), which are higher than the corresponding round 100 results of 0.976 and 0.970. This indicates that
acquisition beyond 76,000 samples brings no further improvement and even causes a mild decline, about 1.3
percentage points at MM=6, likely because the later stream batches contain increasingly redundant samples.
The round 100 checkpoint still maintains R? values of 0.969-0.979 across all MM levels, so the decline has
limited practical impact, yet it strengthens the case for stopping the acquisition early. Taken together, these
results suggest that round 74 (76,000 labeled samples) represents an efficient stopping point, where the
labeling effort can be reduced by approximately 91% relative to the full training pool (76,000 vs. 886,215),
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or by 24% relative to the 100,000-sample upper-bound budget, without sacrificing predictive quality. This
finding supports contributions (A) and (B), showing that active learning accelerates convergence through
efficient sample selection and identifies a practical stopping point that balances performance with labeling
cost.

Ground Truth vs Prediction (AL Round 18)
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Figure 9: Ground truth vs. prediction scatter plots at active learning round 18 (20,000 labels) for MM=1 to MM=6. Near
upper-bound prediction accuracy is achieved with approximately 2.3% of the full labeling budget.

Active Learning Checkpoint Performance Across MM Levels
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Figure 10: R? comparison at three active learning checkpoints (round 18, round 74, round 100) across MM levels. Round
74 (76,000 labeled samples) represents the optimal stopping point.

4.4 Label Efficiency and Comparative Analysis

To rigorously evaluate the label efficiency advantage of active learning, this section presents direct comparisons
between active learning, random sampling, and the upper-bound models under matched labeling budgets.
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Under a fixed budget of 20,000 labeled samples and the most challenging scenario (MM=6), the three
strategies show distinct performance levels, as compared in Fig. 11. Active learning achieves an R? of 0.970,
clearly outperforming random sampling at 0.958 (a difference of 1.2 percentage points) and approaching the
upper-bound models at 0.974 (100,000) and 0.976 (886,215). In terms of MSE, active learning achieves 0.030
compared to 0.042 for random sampling, a reduction of approximately 28%. The MAE comparison shows a
similar pattern, with active learning at 0.075 versus random sampling at 0.080. With the same label budget,
active learning substantially outperforms random sampling and approaches the upper-bound, demonstrating
superior label utilization in partial inverse design. This advantage arises because the uncertainty-guided
acquisition strategy concentrates labels on the most informative regions of the design space, whereas
random sampling allocates labels uniformly regardless of their informational value. This result directly
supports contributions (A) and (B) that active learning is more data-efficient and achieves near upper-bound
performance with limited labels.

Performance Comparison at 20,000 Samples for Most Difficult Scenario (Max Missing=6)

MSE MAE R? Score
0.0422 0.08 0.0797 1.0 0.9583 0.9700 0.9744

0.9761

0.8

R2 Score
o
o

o
>

0.2

0.0
Random
20,000

Random

Random AL uB uB ’ AL uB uB
20,000 20,000 100,000 886,215 20,000 20,000 100,000 886,215

AL uB UB
20,000 100,000 886,215
Figure 11: Performance comparison of active learning, random sampling, and the upper-bound models (100,000 and
886,215) at 20,000 labeled samples (MM=6). Active learning outperforms random sampling and approaches the upper-

bound.

Figure 12 extends this comparison to the most efficient active learning checkpoint at approximately 76,000
labels, evaluated against the best random sampling result at 60,000 labels and the upper-bound models. The
60,000-label point is chosen because it yields the highest R? among all random sampling sizes; the random
learning curve fluctuates after its plateau, and larger random subsets up to 100,000 labels do not exceed this
result. In terms of R2, active learning at 76,000 achieves 0.9838, which is marginally higher than random
sampling at 60,000 (0.9743), UB 100,000 (0.9744), and UB 886,215 (0.9761). While the R? differences are
small in absolute terms, the MSE comparison reveals a more pronounced advantage. Active learning achieves
MSE of 0.0164, which is approximately 37% lower than both random sampling (0.0260) and the 100,000
upper-bound model (0.0259), and approximately 32% lower than the 886,215 upper-bound model (0.0243).
This suggests that uncertainty-guided sample selection is particularly effective at reducing large prediction
errors. However, the MAE comparison presents a more nuanced picture. Active learning achieves a MAE of
0.0628, which is higher than random sampling (0.0503), UB 100,000 (0.0538), and UB 886,215 (0.0598).
This indicates that while active learning reduces the magnitude of large errors more effectively, it does not
necessarily reduce average absolute errors uniformly across all samples. This mixed pattern highlights the
importance of considering multiple evaluation metrics, as the choice of metric can influence how the benefit
of active learning is interpreted. Overall, active learning trained on 76,000 carefully selected samples achieves
comparable or better performance across most metrics relative to models trained on larger but randomly
composed datasets, using fewer labeled samples. These results support contributions (A) and (B), showing
that targeted sample selection can match or modestly improve upon passive strategies with a reduced labeling
budget. Notably, this advantage persists under the most challenging MM=6 scenario, consistent with the
robustness stated in contribution (C).

Label efficiency is further quantified in Table 3 by reporting the number of labeled samples each strategy
requires to reach specific R? thresholds under the most challenging MM=6. At lower thresholds (R? = 0.90),
both strategies perform comparably. However, as the target R? increases, the efficiency gap widens. Reaching
R? = 0.96 requires 30,000 randomly sampled labels but only 15,000 actively selected labels (2.0x efficiency),
and reaching R? = 0.97 requires 40,000 random labels versus 20,000 active learning labels (2.0x efficiency).
Notably, the R? = 0.98 threshold is never reached by random sampling within 100,000 labels, while active
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Performance Comparison at Most Optimum Labeled Samples for Most Difficult Scenario (Max Missing=6)
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Figure 12: Performance comparison at the most efficient active learning checkpoint (76,000 labels) vs. random sampling
(60,000) and upper-bound (100,000, 886,215) under MM=6. Active learning achieves lower MSE and slightly higher R*
than the upper-bound models, while MAE is higher.

learning achieves it at 76,000 labels. This threshold analysis provides a concrete, interpretable measure of the
labeling cost advantage conferred by active learning. These results are consistent with the data efficiency
panels in Figs. 7 and 8, which report the same R? > 0.95 crossing points (20,000 for random sampling versus
14,000 for active learning at MM=6).

Table 3: Label efficiency comparison at R? thresholds (MM=6), showing the number of labeled samples required by
random sampling and active learning to reach each threshold.

R? Threshold Random Sampling Active Learning Efficiency Ratio

0.90 10,000 8,000 1.3x
0.92 10,000 10,000 1.0x
0.94 20,000 12,000 1.7x
0.95 20,000 14,000 1.4x
0.96 30,000 15,000 2.0x
0.97 40,000 20,000 2.0x
0.98 Not reached 76,000 —

Taken together, the results across all four experimental phases present a coherent picture. CONN-DAE exhibits
strong data efficiency under partial inverse design conditions, as evidenced by performance saturation at
100,000 samples in the upper-bound benchmark, and this efficiency is further enhanced through active
learning with informed sample selection. With only 20,000 actively selected labels (2.3% of the training
pool), CoONN-AL already achieves R? values of 0.967-0.982 across all MM levels, approaching upper-bound
performance, and it reaches the R? > 0.95 threshold with only 11,000-14,000 labels, 30-40% fewer than
random sampling at the more difficult MM levels. At the most efficient checkpoint of 76,000 labels, active
learning attains R? = 0.9838 and MSE = 0.0164 at MM=6, yielding slightly higher R? and substantially
lower MSE than random sampling at 60,000, UB 100,000, and UB 886,215, although the R? differences
remain small in absolute magnitude. While MAE shows a more mixed pattern, the overall results indicate
that targeted sample selection can match or modestly improve upon larger randomly composed training
sets using fewer labeled samples. Compared with random sampling under the most challenging scenario
(MM=6), active learning reduces the labeling requirement by approximately 50% to reach R? = 0.97 and
is the only approach in this study to reach R? = 0.98. In the GRC engineering context, where each labeled
sample requires CATIA-based modeling and MSC Marc finite element simulation, and assuming simulation
cost scales approximately with the number of labeled samples, this corresponds to a potential reduction in
simulation cost of about 91% at 76,000 labels and about 98% at 20,000 labels relative to the full training pool
of 886,215 samples. These results highlight the practical value of integrating active learning with CoNN-DAE
for efficient and scalable data-driven partial inverse design.
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5 Conclusion

This study proposed CoNN-AL, a framework that integrates stream-based active learning with the Cooperative
Neural Network for partial inverse design where obtaining labels involves costly simulation procedures.
In this framework, Monte Carlo dropout is applied over the cooperative surrogate to estimate predictive
uncertainty, which serves as the acquisition signal for real-time query-or-discard decisions as unlabeled
candidate samples arrive sequentially from a continuous data stream. By concentrating the labeling budget
on the most informative regions of the design space, CONN-AL reduces the number of costly finite element
simulations required to build an effective training set, addressing a key practical bottleneck in data-driven
inverse design for engineering applications.

The framework was validated on a real-world automotive glass run channel dataset containing more than
900,000 samples, each generated through CATIA-based parametric design and MSC Marc finite element
analysis. The experimental evaluation, structured across upper-bound benchmarking, random sampling
baseline, stream-based active learning, and label efficiency analysis, yielded several key findings. First, the
upper-bound experiments confirmed that CONN-DAE achieves performance saturation at 100,000 labeled
samples, with negligible improvement when training on the full pool of 886,215 samples, demonstrating the
inherent data efficiency of the cooperative architecture. Second, the random sampling baseline revealed a
performance plateau around 40,000 samples with diminishing returns thereafter, motivating the need for
informed sample selection. Third, stream-based active learning with uncertainty-guided acquisition achieved
R? values of 0.967-0.982 across all missing-mask levels using only 20,000 labeled samples, approximately
2.3% of the full training pool, approaching the upper-bound performance established with substantially
larger datasets. Moreover, active learning reached R? > 0.95 with only 11,000-14,000 labels, approximately
30-40% fewer than the 20,000 randomly sampled labels required at the more difficult missing-mask levels.
Fourth, the label efficiency analysis under the most challenging scenario (MM=6) showed that active learning
requires up to half the labeled samples of random sampling to reach equivalent R? thresholds and is the
only strategy in this study to attain R?> = 0.98, a level not reached by random sampling within 100,000
labels. At the most efficient active learning checkpoint of 76,000 labels, the model achieved an MSE of
0.0164, approximately 37% lower than the best random sampling result obtained at 60,000 labels, while
also surpassing the upper-bound models trained on 100,000 and 886,215 samples in terms of MSE, although
its MAE remained slightly higher than that of the compared models, as discussed in Section 4.4. Notably,
these results were obtained under the most challenging scenario, where up to half of the design variables are
unknown, confirming the effectiveness of the acquisition strategy even under severe design incompleteness.

From a practical standpoint, the results suggest that CONN-AL can substantially reduce the simulation cost
of building training datasets for partial inverse design. In the GRC engineering context, where each labeled
sample requires CATIA modeling and MSC Marc finite element evaluation, achieving near upper-bound
performance with 20,000 actively selected samples corresponds to a potential reduction of approximately
98% in simulation effort relative to exhaustive labeling. This level of data efficiency makes data-driven partial
inverse design more feasible in industrial settings where simulation budgets are constrained. Together with
this study, the GRC dataset is publicly released as a large-scale benchmark to support reproducibility and
future research on data-driven inverse design.

Despite these contributions, several limitations should be acknowledged. The current study evaluates CoONN-
AL exclusively with the CONN-DAE variant, which employs a deterministic autoencoder for imputation. While
this deterministic formulation is well suited for design reproduction and optimization tasks where a clearly
defined output is desired, it does not capture the distributional structure of the design space that generative
variants could provide. In addition, the active learning strategy relies on MC-Dropout as the sole uncertainty
estimator, and there may be cases where MC-Dropout underestimates or misrepresents the true predictive
uncertainty. Deep ensembles, which estimate uncertainty from the disagreement among independently trained
models, could be a promising solution for uncertainty estimation and also for the surrogate alternative. The
current framework also addresses a single-output inverse design problem, where the target is a scalar sealing
force, and its behavior under multi-output objectives has not been investigated.

These limitations point to several directions for future research. Implementing generative variants of the
cooperative architecture, such as CONN with variational or Wasserstein autoencoders, would enable stochastic
approaches to partial inverse design, where the model can sample diverse candidate solutions rather than
producing a single deterministic output, thereby supporting design space exploration and providing engineers
with a richer set of feasible alternatives. Adopting deep ensembles as an alternative uncertainty estimation
approach, or as a surrogate architecture, may also improve the quality of the acquisition signal and further
enhance label efficiency. Extending CoNN-AL to multi-output inverse design problems, where multiple
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performance criteria must be satisfied simultaneously, would broaden its applicability to more complex
engineering scenarios. Additionally, validating CONN-AL on engineering problems from other domains, such
as structural optimization, materials design, or manufacturing process optimization, would help establish the
generality of the approach.
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