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 A B S T R A C T

Smart manufacturing has transformed semiconductor fabrication into a highly data-driven environment where 
large numbers of in-situ sensors continuously generate process monitoring data across multiple production 
tools. Leveraging these data streams to support yield improvement and fault detection has become an 
important challenge, particularly because conventional physical metrology is often costly, time-consuming, or 
destructive. Machine learning-based soft sensing has therefore emerged as a practical alternative for predicting 
process outcomes using routine sensor measurements and contextual process information. Previous studies 
have demonstrated that classical machine learning models such as gradient boosting decision trees (GBDTs) 
and feedforward neural networks (FNN) can improve pass/fail classification performance when applied to 
individual tools or aggregated intra-tool data (i.e., tools of the same class). In this work, we extend these 
approaches to a broader range of semiconductor manufacturing processes (i.e., data from tools belonging in 
different classes as well data from the same tool when making different products), and propose a physics-
structured graph neural network (GNN) framework for PASS/FAIL prediction. In addition, modern tabular 
deep-learning models, including TabM and TabR, are evaluated as complementary benchmarks to determine 
whether strong neural tabular learning can improve fault-detection performance beyond conventional GBDT 
models and physics-structured graph learning. Instead of modeling individual sensors directly, sensor mea-
surements are organized into physically meaningful process subsystems, each representing a group of related 
sensors describing process dynamics. These subsystem representations are combined with categorical contextual 
variables and processed through a graph attention architecture to capture interactions among process modules. 
TabM is used as a parameter-efficient ensemble-style neural tabular model, while TabR introduces retrieval-
augmented prediction by comparing each production run with similar historical training runs. The models are 
evaluated using production data collected over an 18-month period. For each tool, the most recent 20% of 
the timeline is reserved for testing while the earlier data are used for training and validation. To ensure 
statistical robustness, only tools with more than 8000 observations within the study period are included. 
Results demonstrate that the proposed physics-structured GNN improves predictive performance on several 
tools compared with conventional machine learning approaches while also providing interpretable attention 
weights that highlight the relative contribution of different process subsystems to predicted failures. The TabM 
and TabR results further demonstrate that modern tabular deep-learning models can be useful complementary 
predictors, especially on tools with richer failure information, although they do not consistently replace the 
optimized LightGBM benchmark under severe class imbalance. These results demonstrate the potential of 
physics-guided graph learning and complementary tabular deep-learning methods for scalable and interpretable 
fault detection in semiconductor manufacturing environments.
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1. Introduction

The semiconductor industry is undergoing a rapid digital transfor-
mation, driven by rising microelectronics demand, increasing product 
and process complexity, and the financial necessity to maximize yield 
without escalating equipment or labor costs. In the broader context 
of Industry 4.0 and smart manufacturing, modern fabrication facilities 
deploy extensive networks of in-situ sensors and information systems 
across toolsets, enabling large-scale data collection that can support 
monitoring, diagnosis, control, and optimization (Christofides et al., 
2007; Davis et al., 2020; Zhang et al., 2021). However, converting high-
volume, heterogeneous equipment data into timely and reliable op-
erational decisions remains challenging in practice, particularly when 
process behavior evolves over time and when production data exhibits 
missing values, noise, and strong tool-to-tool variability.

A central application of data-driven manufacturing intelligence is 
machine learning-based soft sensing, also referred to as virtual metrol-
ogy, in which product quality or process outcomes are predicted from 
routinely collected tool-state variables and contextual process infor-
mation rather than physically measured on every unit (Kadlec et al., 
2009; Dreyfus et al., 2022; Maitra et al., 2024; Suthar et al., 2019). 
In semiconductor fabs, such predictive capability is attractive because 
physical metrology can be expensive, time-consuming, and sometimes 
destructive, and because measurement capacity can become a through-
put bottleneck. Recent surveys highlight both the breadth of virtual 
metrology research and the persistent deployment barriers associated 
with model robustness under drifting conditions, limited failure rates, 
and the need for engineering trust and maintainability (Sun and Ge, 
2021; Maitra et al., 2024). Prior industrial studies have also demon-
strated that strong baseline learners such as gradient-boosted decision 
trees (GBDTs) and relatively simple feedforward neural network models 
(FNN) can achieve competitive PASS/FAIL virtual metrology perfor-
mance when trained with carefully engineered features and appropriate 
data aggregation strategies (Ou et al., 2024, 2025).

In practical manufacturing operations, process monitoring (identify-
ing normal versus abnormal runs) and fault diagnosis (localizing root 
causes) are often treated as distinct operational problems. Standard 
data-driven approaches typically optimize purely for the monitoring 
task, mapping a flattened vector of sensors to a binary 𝑃𝐴𝑆𝑆∕𝐹𝐴𝐼𝐿
decision. While efficient for screening, this treats the machine as a black 
box and fails to provide actionable diagnostic localization.

To bridge this gap, this work leverages the monitoring task as a 
structured entry point for diagnosis. Rather than treating 𝑃𝐴𝑆𝑆∕𝐹𝐴𝐼𝐿
prediction as an unstructured classification problem, we divide the 
monitoring function by the tool’s underlying physical subsystems. By 
embedding prior structural knowledge directly into the learning system, 
the network must optimize its 𝑃𝐴𝑆𝑆∕𝐹𝐴𝐼𝐿 prediction through the 
lens of coordinated subsystem dynamics. Consequently, the 𝑃𝐴𝑆𝑆∕
𝐹𝐴𝐼𝐿 benchmark serves as the screening mechanism, while the inter-
nal physics-structured attention layers simultaneously solve the distinct 
problem of diagnostic localization—translating a failure alert directly 
into an actionable engineering root cause.

Despite these advances, there remains a gap between high-perfor-
ming predictive models and models that directly support fault analysis 
in real manufacturing operations. Many data-driven approaches treat 
the sensor table as an unstructured vector, which can obscure the 
physical meaning of learned correlations and make it difficult for engi-
neers to localize likely root causes to actionable equipment subsystems. 
At the same time, physics-guided machine learning has increasingly 
been advocated as a way to improve data efficiency, interpretability, 
and plausibility by embedding prior physical or structural knowledge 
into learning systems (Meng et al., 2025; Wu et al., 2024; Ko et al., 
2023). In parallel, graph neural networks (GNNs) have emerged as a 
natural model class for relational industrial data; attention-based graph 
architectures can further provide learned importance weights that are 
useful for interpretation (Veličković et al., 2018; Zhou et al., 2020; Liu 
2 
et al., 2026). However, comparatively fewer studies have demonstrated 
physics-structured, tool-informed graph learning on real, large-scale 
industrial semiconductor equipment datasets across multiple tools and 
processes, under evaluation protocols that reflect actual deployment 
constraints.

In addition to physics-informed graph learning, recent progress in 
deep learning for tabular data has produced architectures that are 
more specialized for structured industrial datasets. TabM improves mul-
tilayer perceptron-based tabular learning through parameter-efficient 
ensembling, while TabR combines neural representation learning with 
nearest-neighbor-style retrieval from similar historical samples (Gorish-
niy et al., 2025, 2024, 2021). These methods provide useful comple-
mentary benchmarks for semiconductor PASS/FAIL prediction because 
they operate on flattened tabular representations rather than explic-
itly encoded physical graphs. Therefore, comparing LightGBM, TabM, 
TabR, and Physics-GAT makes it possible to distinguish performance 
gains arising from strong tabular nonlinear learning, local historical 
similarity, and physics-structured subsystem interactions.

In this work, we address this gap by proposing a physics-structured, 
attention-based GNN framework for semiconductor-tool PASS/FAIL 
prediction using real industrial manufacturing data. We consider two 
representative tool families with distinct physical mechanisms, a chem-
ical mechanical polishing (CMP) tool family (EBR), and a dry plasma 
etching tool family (NXE), and we define a graph construction strategy 
that mimics each tool’s physical modularity. Specifically, numerical 
sensor traces are summarized into standard statistical features and then 
grouped into physically meaningful subsystems (e.g., pressure/flow 
control, rotational/motion subsystems, vacuum and power subsystems, 
actuation-state subsystems), while contextual categorical variables de-
scribing production conditions and process steps are represented as 
additional graph tokens. Subsystem-level node embeddings are learned 
via attention pooling over the sensors within each subsystem, and a 
graph attention network models interactions among subsystems and 
contextual tokens. The resulting attention weights provide subsystem 
and within-subsystem importance scores that can be used to provide 
insights for fault analysis. To reflect deployment realism, we train the 
model on an 18-month window of industrial data using a chronological 
split in which the most recent 20% of time is reserved for testing, and 
we restrict our study to tools with more than 8000 observations over 
the full period to ensure statistical stability in training.

Beyond the proposed Physics-GAT model, this work also evalu-
ates modern neural tabular architectures and their relationship to 
the LightGBM benchmark. TabM is used to test whether parameter-
efficient neural ensembling over the same processed tabular features 
can provide stronger nonlinear prediction. TabR is used to test whether 
retrieval of similar historical training runs can improve predictions 
for rare or locally recurring fault signatures. We further introduce a 
context-aware gated ensemble of LightGBM, TabM, and TabR as a 
future-oriented framework for combining complementary model classes 
under different production contexts. Together, these models provide 
a broader comparison between tree-based learning, physics-structured 
graph learning, parameter-efficient neural ensembling, and retrieval-
augmented tabular learning. Table  1 summarizes the models used in 
this work and their objectives.

To establish the experimental foundation and account for class 
imbalance across process tools, we evaluate our framework on a multi-
tool dataset spanning five distinct EBR equipment families. Table  2 
provides a comprehensive overview of the dataset statistics, detailing 
the total run sample sizes (𝑁), absolute failure counts (𝑁FAIL), and 
empirical failure rates across each evaluated tool family.

This paper is organized as follows. Section 2 introduces the bench-
mark GBDT modeling pipeline, including single-machine training (Sec-
tion 2.1) and multi-machine aggregated training (Section 2.2). Sec-
tion 3 presents the proposed physics-structured GNN and the associated 
training procedures for single-machine (Section 3.1) and multi-machine 
(Section 3.2) settings.  Section 4 introduces the TabM model for 
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Table 1
Summary of investigated models and objectives.
 Model Model Class/Category Reason for Investigation  
 Feedforward Neural Network (FNN) Classical Deep Learning Used as an initial standalone baseline to evaluate 

standard parametric neural performance against 
the tree-based benchmark.

 

 LightGBM Gradient Boosting Decision 
Tree (GBDT)

Established as a strong tabular baseline to capture 
highly nonlinear relationships efficiently without 
deep architectures, operating directly on 
categorical variables and handling extreme class 
imbalance.

 

 Physics-GAT Physics-Structured Graph 
Attention Network

Proposed to move beyond flat feature vectors by 
representing runs as heterogeneous graphs to 
capture coordinated changes across physically 
coupled subsystems, suppress process noise, and 
provide diagnostic interpretability via internal 
attention layers.

 

 Cross-Machine GNN Metahead Multi-Source Representation 
Learning

Investigated to combine independent, parallel 
latent features from physically distinct process 
steps (EBR polishing and NXE/G602 dry-etching 
backbones). By freezing the localized structural 
embeddings and stacking them into a unified 
representation space, it allows a single joint 
decision head to exploit cross-process physical 
correlations (such as mechanical polishing stress 
paired with plasma-induced thermal shifts) to 
boost the final target tool accuracy.

 

 TabM Tabular Deep Learning 
(Ensemble-style)

Evaluated to determine if a modern, 
parameter-efficient neural ensemble operating on 
flat tables can provide stronger nonlinear 
predictions and reduce overfitting compared to 
standard deep architectures.

 

 TabR Tabular Deep Learning 
(Retrieval-augmented)

Investigated to evaluate if explicitly comparing a 
current production run with similar historical 
training runs can amplify local evidence and 
improve fault predictions for rare or locally 
recurring failure signatures.

 

 Hybrid Neural-Tree Framework Hybrid Representation 
Learning

Explores decoupling feature extraction from 
classification by freezing optimized deep tabular 
representations from TabM/TabR backbones and 
using them to train a LightGBM head from scratch, 
boosting performance on highly imbalanced data 
without label leakage.

 

 Context-Aware Gated Ensemble Instance-Level Mixture of 
Experts

Introduced to optimize fault detection within a 
single process domain by evaluating a run’s 
compact context (recipe, step, duration) to 
compute dynamic, instance-specific model weights 
over LightGBM, TabM, and TabR.

 

Table 2
Summary of dataset statistics across evaluated EBR tool families.
 Tool name Total sample size (𝑁) Failure count (𝑁FAIL) Failure rate (%) 
 EBR_51 14,912 102 0.68%  
 EBR_52 17,838 184 1.03%  
 EBR_53 29,207 681 2.33%  
 EBR_54 28,654 495 1.72%  
 EBR_55 8359 138 1.65%  
 Total/Overall 98,970 1,600 1.62%  
parameter-efficient tabular neural ensembling.  Section 5 presents 
the TabR model for retrieval-augmented tabular prediction.  Sec-
tion 6 describes the context-aware gated ensemble of LightGBM, TabM, 
and TabR. Section 7 reports the experimental results and discus-
sion, including benchmark-model performance (Section 7.1), physics-
structured GNN performance and interpretability analysis (Section 7.2), 
and tabular-model performance for TabM and TabR (Section 7.4).  Sec-
tion 8 concludes the paper.

2. Benchmark GBDT model training

Before introducing the proposed graph neural network, a strong 
tabular-data benchmark was established using LightGBM, a gradient 
3 
boosting decision tree (GBDT) implementation designed for efficient 
learning on high-dimensional structured data (Ke et al., 2017). For 
each production run, the model input consisted of run-level statistical 
summaries extracted from routine tool sensor traces, together with 
engineered numerical descriptors and contextual categorical variables 
describing the operating condition, such as process stage, process step, 
lot type, recipe, and product identity. During data preprocessing, runs 
with missing metrology labels or severe input incompleteness were 
removed, and invalid control or overflow values were corrected.

LightGBM was selected as the benchmark model for three main rea-
sons. First, GBDT models can capture strongly nonlinear relationships 
in industrial data without requiring deep architectures. Second, the 
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LightGBM implementation is computationally efficient for the 300–600 
feature scale considered in this work because it uses histogram-based 
split finding together with leaf-wise tree growth, which substantially re-
duce training time and memory cost (Ke et al., 2017). Third, LightGBM 
can operate directly on categorical variables and search category parti-
tions during split construction, thereby avoiding the high-dimensional 
one-shot expansion that would otherwise be required for FNN models. 
This property is especially advantageous for semiconductor manufac-
turing data, where contextual variables often contain strong predictive 
information regarding recipe, product, and lot conditions.

For each eligible tool, the available 18-month dataset was sorted 
chronologically, and the most recent 20% of the timeline was re-
served as a strictly held-out test set. To ensure statistical robustness 
and avoid overfitting during development, the remaining 80% model-
development set was partitioned into an 80/20 train/validation split 
using random sampling (yielding an overall 64% train, 16% validation, 
and 20% test split across the entire dataset). A random split was 
deliberately selected over a chronological split within the internal 
development phase to prevent early-stopping criteria from over-fitting 
to localized process drift and short-term tool maintenance windows. 
By sampling broadly across the development timeline, the validation 
score acts as a global regularizer, ensuring selected model parame-
ters maintain consistent operational reliability across shifting process 
regimes.

All hyperparameter tuning and model selection were performed 
exclusively on the model-development set so that the test data were 
not consulted during optimization. Because the FAIL rate was approx-
imately 2%, model quality was evaluated primarily by the receiver 
operating characteristic area under the curve (ROC–AUC), which is 
well suited to strongly imbalanced binary classification (Gonçalves 
et al., 2014). In addition, a second industrially relevant criterion was 
reported: the maximum achievable true positive rate (TPR) under a 
false positive rate (FPR) constraint of 20%. This operating-point metric 
reflects the practical requirement that the classifier recover as many 
abnormal wafers as possible while maintaining an acceptable burden of 
erroneous classifications in production. False positives would let failed 
wafers be involved into further production steps and even could be 
finally detected only at the terminal testing phase, which wastes lots 
of resources.

For binary fault detection, the rare failure state is explicitly defined 
as the positive class (Class 1 = FAIL), while nominal operation rep-
resents the negative class (Class 0 = PASS). Under this formulation, 
a False Negative (FN) corresponds to a missed detection—where a 
defective wafer is misclassified as normal and allowed to proceed 
downstream, posing a direct yield risk. Conversely, a False Positive 
(FP) represents a false alarm—where a healthy wafer is misclassified as 
abnormal, triggering an unwarranted equipment alert and unnecessary 
inspection.

In an industrial production environment, a viable deployment target 
typically demands a TPR of ≥ 80% within this low-FPR operating 
window. However, the standalone baseline model results on individual 
tools fall short of this rigorous industrial threshold. This performance 
ceiling stems directly from the severe data constraints inherent to high-
yield semiconductor lines: individual tool datasets (such as the EBR 
family) are often limited in size, exhibit extreme class imbalance with a 
nominal failure rate around 1%, and suffer from high operational noise 
levels. Under these data-scarce conditions, standard tabular models 
lack sufficient failure density to resolve a sharp, absolute decision 
boundary. Acknowledging this limitation underscores why the field 
must look beyond standard tree-based architectures toward special-
ized data engineering—such as physics-informed grouping, localized 
historical retrieval, and multi-machine feature aggregation—to sys-
tematically suppress noise, share sparse failure signatures, and drive 
absolute performance closer to practical deployment targets.
4 
Table 3
Representative LightGBM hyperparameters explored for the benchmark 
classifier. The final selected values should be filled with the validation-
optimal settings from the actual runs.
 Hyperparameter Candidate values Selected value 
 objective binary binary  
 metric auc auc  
 learning_rate {0.03, 0.05, 0.10} 0.05  
 max_estimators {50, 100, 200} 200  
 num_leaves {32, 64, 128, 256} 128  
 max_depth {4, 6, 8, −1} -1  
 min_gain_to_split {0, 10−3 , 10−2 , 10−1} 10−3  
 lambda_l1 {0, 10−2 , 10−1 , 1} 0  
 lambda_l2 {0, 10−2 , 10−1 , 1, 10} 0.06  
 scale_pos_weight {1, 𝑛−∕𝑛+} 1  

Although the dataset is highly imbalanced, empirical testing demon-
strated that using scale_pos_weight generally reduced valida-
tion performance relative to the unweighted setting, and the best-
performing models were therefore obtained with scale_pos_
weight=1. A likely explanation is that aggressive class reweighting 
changes the optimization target by forcing the learner to emphasize 
minority-class errors more strongly, which can improve minority recall 
but degrade the ranking of borderline samples. Since model selection 
in this work is based on ROC–AUC and performance in the low-FPR 
operating region, the unweighted objective yielded more favorable 
score ordering for deployment-oriented decision thresholds.

Selected values of hyperparameters were tuned using Optuna Baye-
sian optimization over candidate distributions grounded in standard 
literature baselines, yielding the optimal continuous and discrete con-
figurations reported in Table  3.

2.1. Single-machine GBDT training

In the single-machine setting, one LightGBM model was trained 
independently for each tool using only data from that tool. Because 
tree-based models are largely insensitive to monotone rescaling of 
numerical features, no additional normalization was applied to the 
numerical variables in this benchmark setting. This preserves the native 
operating ranges of each machine and provides the simplest industrial 
baseline. The model-development portion of each tool dataset was 
further divided into training and validation subsets by random splitting, 
and the hyperparameters listed in Table  3 were tuned using validation 
performance only. The contextual variables were supplied directly to 
LightGBM as categorical features rather than expanded by one-hot 
encoding. The validation-best model configuration with early stop of 
max 50 estimators was then evaluated on the held-out temporal test 
set. This single-machine setting establishes the reference performance 
that can be achieved without borrowing information from other tools.

2.2. Multi-machine GBDT training

In the multi-machine setting, data from the target tool were aggre-
gated with data from helper tools belonging to the same process family. 
Unlike the single-machine case, the numerical features of each tool 
were standardized separately before aggregation, whereas the shared 
categorical encodings were kept unchanged. This separated-scaling 
strategy was not introduced because LightGBM requires normalized 
inputs, but because nominally similar tools can exhibit substantial 
domain shift in their absolute signal levels due to calibration offsets, 
chamber condition, maintenance history, and local operating practice. 
By scaling each dataset independently, the aggregation step aligns 
inter-tool numerical distributions while preserving the relative within-
tool relationships that remain informative for classification (Ou et al., 
2025).
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Because LightGBM training is computationally inexpensive, helper-
tool selection was performed by exhaustive search. In this context, 
a helper tool is defined as a nominally similar machine from the 
same process family whose historical production data is standardized 
and aggregated with the target tool’s data to broaden the training 
distribution and share sparse failure signatures . For a target tool 
with 𝑀 − 1 candidate helper tools, all 2𝑀−1 − 1 non-empty helper-set 
combinations were evaluated. Each aggregated candidate was trained 
only on the pre-test data and ranked by validation performance, and 
the best-performing combination was selected without consulting the 
held-out test set. The final reported multi-machine result for each target 
tool therefore corresponds to the test-set performance of the validation-
best aggregation scheme. This exhaustive strategy avoids data leakage 
while fully exploiting the practical speed advantage of GBDT models 
over more computationally expensive deep architectures.

Raw sensor data preprocessing was conducted by the Clean En-
ergy Smart Manufacturing Innovation Institute (CESMII), while inline 
ground-truth fault labels (PASS = 0, FAIL = 1) were assigned di-
rectly by Seagate Technology based on proprietary quality criteria. 
Custom machine learning data aggregation scripts were executed by 
the authors to construct the final dataset matrices. Due to corporate 
non-disclosure policies, proprietary sensor naming schemes and exact 
metrology thresholds are omitted.

3. Graph neural network training

To move beyond purely tabular learning and to better exploit 
the physical organization of semiconductor tools, we developed a 
physics-structured graph neural network (GNN) that represents each 
production run as a small heterogeneous graph rather than as a flat 
feature vector. The central modeling idea is that process failures are 
rarely caused by an isolated scalar deviation; rather, they more often 
emerge from coordinated changes across physically coupled subsys-
tems. Accordingly, the present implementation first transforms each 
run into a structured sensor tensor in which each sensor is described 
by a fixed set of statistical summaries and data-quality indicators, 
including central tendency, dispersion, extrema, range, and complete-
ness descriptors, together with a reserved coefficient-of-variation chan-
nel when such a stability feature is physically meaningful for that 
sensor family. Missing or invalid values are not simply discarded; 
instead, they are explicitly represented through a parallel missing-
mask channel so that the model can distinguish between ‘‘normal low 
value’’ and ‘‘not observed’’ conditions. For the EBR/CMP tools, these 
sensor embeddings are then organized into eight physically mean-
ingful groups: process_params, pressure, slurry_flow, ro-
tation, stage_head, dressing_water, step_numbers, and
motor_current. This graph-level organization is complemented by 
an auxiliary numeric branch that consumes all pre-engineered feat_*
variables together with retained timing and duration descriptors. In 
the current EBR pipeline, these derived features were deliberately 
chosen to encode physically interpretable quantities such as stabil-
ity via coefficient-of-variation features, subsystem balance measures, 
left–right asymmetry indicators, pressure-distribution ratios, kinematic 
ratios, and duration/completeness descriptors, because these quanti-
ties often reflect physically meaningful deviations more directly than 
raw statistics alone. Importantly, the GNN script itself does not en-
gineer these features online; instead, the preprocessing stage pro-
duces them once, and the graph model consumes them through a 
dedicated auxiliary branch, thereby separating feature engineering 
from graph learning and making the final workflow easier to au-
dit in an industrial setting (Kadlec et al., 2009; Jiang et al., 2020; 
Sun and Ge, 2021; Ou et al., 2024, 2025). These sensor embeddings 
are then organized into seven physically meaningful G602 dry-etch 
groups: gas_flow_chemistry, chamber_pressure_pumping,
plasma_rf_source_bias, esc_wafer_thermal_control,
backside_he_cooling, endpoint_opticalemission, and
5 
recipe_tool_state. The corresponding dry-etch-derived auxiliary 
physics features are organized as total_flow_gas_ratio, pres-
sure_flow_residence_time, rf_bias_power_coupling,
thermal_chuck_backside_he_stability, endpoint_slope
_integral, and gas_pressure_plasmatemperature_inter-
actions. Conceptually, these G602 groups will follow the same 
subsystem-based philosophy by organizing signals according to ion-
source, RF/plasma-power, vacuum, gas-delivery, rotation, source-health
and diagnostic subsystems rather than by exposing confidential sensor 
identities directly.

3.1. Single-machine GNN training

In the single-machine setting, the above physics-structured repre-
sentation is used to train one graph model per tool. After preprocessing, 
all numerical sensor statistics and auxiliary engineered features are 
standardized using training-data statistics only, invalid overflow-like 
control values are converted to missing values, and remaining miss-
ing entries are mean-imputed only for numerical stability while their 
absence is preserved in the mask tensor. This standardization step is 
necessary here, unlike in the GBDT benchmark, because the neural 
architecture combines many feature channels through learned linear 
projections and attention operations and therefore benefits from com-
parable numerical scales during optimization (Ou et al., 2025). The 
overall workflow of GNN training is specified in Fig.  1.

For each run, the model first concatenates the standardized sensor-
statistics tensor and the missing-mask tensor, projects each sensor 
vector into a learned hidden representation, and adds a sensor-identity 
embedding so that sensors occupying similar statistical ranges but 
different physical roles remain distinguishable. For each sensor 𝑖 inside 
a physical group 𝑔, the model concatenates its standardized statistics 
vector 𝑆𝑖 ∈ R𝑑𝑠  and its corresponding missing-mask vector 𝑀𝑖 ∈
{0, 1}𝑑𝑠  into a unified input representation: 
𝑠𝑖 = [𝑆𝑖 ; 𝑀𝑖] ∈ R2𝑑𝑠 . (1)

This vector is projected into a 𝑑-dimensional hidden space. To 
ensure that sensors with similar numerical ranges but different physical 
roles remain distinguishable, a learned sensor-identity embedding is 
added to the projected vector: 
𝑥(0)𝑖 = 𝜎

(

𝑊proj𝑠𝑖 + 𝑏proj
)

+ 𝑒id(𝑖), (2)

where 𝑊proj ∈ R𝑑×2𝑑𝑠  is a learned projection matrix, 𝑏proj ∈ R𝑑
is a bias vector, 𝑒id(𝑖) ∈ R𝑑 is a unique coordinate-identity embed-
ding for sensor 𝑖, and 𝜎 represents a non-linear activation function 
(such as a Rectified Linear Unit). The model then performs attention 
pooling within each physical group so that multiple related sensors 
are aggregated into a single group node. This step is important for 
two reasons: it compresses redundant sensor-level information into 
subsystem-level representations, and it creates a natural interpretability 
interface, because the within-group attention weights indicate which 
sensor channels inside a given subsystem were most responsible for the 
final decision. The model performs attention pooling over the sensor 
nodes within each group 𝑔 before applying a learnable gating function 
to filter out uninformative subsystems: 

ℎ̃(0)𝑔 =
∑

𝑖∈𝑔

𝛼𝑖𝑥
(0)
𝑖 where 𝛼𝑖 = sof tmax

(

𝐚⊤pool tanh
(

𝑊pool𝑥
(0)
𝑖 + 𝑏pool

))

,

(3)

ℎ(0)𝑔 = 𝜎sigmoid

(

𝐰⊤𝑔 ℎ̃
(0)
𝑔 + 𝑏𝑔

)

⊙ ℎ̃(0)𝑔 , (4)

where 𝑊pool ∈ R𝑑×𝑑 , 𝐚pool ∈ R𝑑 , 𝐰𝑔 ∈ R𝑑 , and 𝑏𝑔 ∈ R are 
learned parameters, and ⊙ represents the element-wise product. The 
attention weights 𝛼𝑖 provide immediate diagnostic insights by finding 
which sensors dominate subsystem behavior. A learnable group gate is 



C.-P. Lin et al. Digital Chemical Engineering 20 (2026) 100337 
Fig. 1. Overall workflow of GNN model training.
then applied to each subsystem node, allowing the network to softly 
suppress groups that carry limited predictive value for a particular 
tool. In parallel, categorical contextual variables such as stage, step,
lottype, recipe, and prod are embedded as token nodes. Rather 
than treating these contextual variables as passive side information 
appended at the end of the network, the model uses them twice: first, 
they form explicit graph nodes, and second, their joint embedding is 
passed through a FiLM-style conditioning block that modulates the 
subsystem nodes before graph propagation: 
ℎ̂(0)𝑔 =

(

𝑊𝛾,𝑔𝑐 + 𝑏𝛾,𝑔
)

⊙ ℎ(0)𝑔 +
(

𝑊𝛽,𝑔𝑐 + 𝑏𝛽,𝑔
)

, (5)

where 𝑊𝛾,𝑔 ,𝑊𝛽,𝑔 ∈ R𝑑×𝑑𝑐  and 𝑏𝛾,𝑔 , 𝑏𝛽,𝑔 ∈ R𝑑 are learned affine 
projections. This design was chosen because the same physical sub-
system can have very different ‘‘normal’’ operating signatures under 
different recipes, lot classes, or process stages, and therefore context 
must be allowed to re-parameterize the physical representation rather 
than merely shift the final classifier (Battaglia et al., 2018; Gilmer 
et al., 2017). The resulting graph contains subsystem nodes and cat-
egorical token nodes, connected through a dense but typed adjacency 
pattern with four edge classes: self edges, subsystem–subsystem edges, 
subsystem–token edges, and token–token edges. Because the number of 
graph nodes is small and because the true cross-subsystem interaction 
structure is only partially known a priori, a dense graph with learned 
edge-type bias was preferred over a hand-crafted sparse topology. 
Two graph-attention layers are then applied so that each subsystem 
representation can update itself by selectively attending to the other 
subsystems and to the contextual tokens (Veličković et al., 2018; Wu 
et al., 2021), as follows: 

ℎ̂(𝑙+1)𝑢 = 𝜎elu

(

∑

𝑣∈ (𝑢)
𝛼(𝑙)𝑢𝑣𝑊

(𝑙)ℎ̂(𝑙)𝑣

)

, (6)

where 𝑊 (𝑙) ∈ R𝑑×𝑑 is a shared weight matrix, 𝐚(𝑙) ∈ R2𝑑 is the 
attention vector, and 𝑏(𝑙)𝜏(𝑢,𝑣) is a learned scalar bias corresponding 
to the edge class 𝜏(𝑢, 𝑣) between node 𝑢 and node 𝑣. After message 
passing, the subsystem nodes and token nodes are separately pooled 
by attention, concatenated into a latent vector, and fused with the 
auxiliary numeric branch before final classification by a multilayer 
perceptron. The current EBR implementation uses a weighted binary 
cross-entropy objective together with an auxiliary reconstruction loss 
on selected statistics from the mechanically informative motor-current 
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subsystem, i.e.,  = sup + 𝜆recrec, so that the latent embedding is 
encouraged not only to discriminate PASS/FAIL outcomes but also to 
preserve physically meaningful structure. This auxiliary task improves 
regularization and, from an interpretability perspective, creates an 
additional diagnostic handle: large reconstruction discrepancies can 
signal that the latent representation has identified an unusual mechan-
ical pattern even before thresholded classification is applied. Training 
is performed with mini-batches, AdamW optimization, gradient clip-
ping, and early stopping based on validation ROC–AUC, while final 
assessment follows the same imbalanced-data criteria used for the 
benchmark model. Overall, the single-machine architecture leaves sev-
eral distinct spaces for fault analysis: sensor-level attention within 
each group, subsystem-level group gating, cross-subsystem interaction 
through graph attention, contextual modulation through categorical 
tokens, and latent- or reconstruction-based screening of anomalous 
runs.

3.2. Multi-machine GNN training

The multi-machine GNN extends the same physics-structured archi-
tecture to jointly train on several EBR datasets with identical schema, 
while explicitly accounting for the fact that nominally similar tools 
often exhibit tool-to-tool shifts in absolute signal level, missingness 
pattern, and operating range. In the current EBR implementation, 
multiple parquet files belonging to the same tool family are streamed 
and stacked into a single aggregated training pool; the non-test portion 
of the combined timeline is first partitioned into train and validation 
subsets, and the most recent time period is kept strictly for testing, 
after which performance is reported both on the pooled test set and 
separately for each contributing tool dataset. A key design choice in 
this multi-machine setting is the scaling strategy. Rather than forcing 
a single global normalization across all machines, the default imple-
mentation uses per-dataset scaling before pooling, so that each tool 
contributes features expressed relative to its own historical operating 
distribution. This preserves within-tool physical relationships while 
reducing the effect of calibration offsets, maintenance-state differences, 
or local control biases that would otherwise blur the shared structure. 
At the same time, categorical vocabularies are built consistently across 
the pooled training data, and the graph topology itself is shared across 
all tools because the physical groups correspond to common subsystems 
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of the tool family rather than to machine-specific identifiers. This is 
precisely where the physics-structured formulation is especially valu-
able: if one were to aggregate raw sensor columns naively, domain shift 
could dominate the learning process, whereas grouping sensors into 
subsystem nodes encourages the model to learn transferable signatures 
such as pressure instability, flow imbalance, rotation mismatch, step-
sequence anomalies, or motor-load irregularity at the subsystem level. 
In practice, the same graph pipeline used for single-machine learning 
is therefore preserved, but the training data are delivered through a 
streaming multi-file dataset loader so that large industrial datasets can 
be processed without materializing the full pooled table in memory. 
This makes the approach scalable enough for realistic factory data 
volumes while preserving strict train/validation/test separation. The 
multi-machine setting also enhances interpretability in a way that a 
flat pooled classifier cannot. Because the model yields both pooled and 
per-tool test metrics, and because attention values are available at the 
sensor, subsystem, and contextual levels, one can compare which phys-
ical groups dominate failures consistently across machines and which 
groups become important only for specific tools. This distinction is 
important for practical fault detection: common patterns may indicate 
family-level process mechanisms, whereas tool-specific deviations may 
point to maintenance issues, alignment problems, local chamber health, 
or calibration drift. As currently coded, this shared-model framework 
is implemented only for the EBR/CMP family. To demonstrate the 
generality of this physics-structured GNN framework, the architecture 
is extended to the NXE and G602 dry-etch tool families. Dry-etch pro-
cessing involves complex chemical, electrical, and physical interactions 
that differ significantly from wet-polishing processes, requiring signals 
to be grouped into distinct physical subsystems to prevent domain shift 
across different machines in a fleet.

3.3. Cross-machine GNN metahead training

The cross-tool GNN training framework extends this methodology 
by enabling joint transfer learning between physically distinct pro-
cess steps, specifically combining the polishing signatures of the EBR 
family with the dry-etching profiles of the NXE or G602 families. 
This multi-stage training strategy is designed to construct a shared 
representational space across disparate tool types that do not share a 
common sensor schema. The workflow operates by first training the 
physics-structured GNN backbones independently on each tool family 
to learn localized, subsystem-level interaction dynamics. Once back-
bone training is complete, the optimization is halted, and we extract the 
high-dimensional latent representation vectors from the graph readout 
layer, capturing the compressed physical state of the run just before 
it enters the tool-specific classification head. After extracting these 
feature vectors from both the EBR backbone and the corresponding 
dry-etch (either NXE or G602) backbone, we stack the resulting rep-
resentation vectors into a unified feature space. This stacked feature 
vector is then used to train a joint, aggregated decision head that 
produces final classification and yield predictions for the EBR process. 
By evaluating this stacked framework on both EBR with G602 and 
EBR with NXE, the model can exploit latent physical correlations—
such as matching pressure-induced mechanical stress in polishing with 
plasma-induced thermal shifts in etching—thereby significantly en-
hancing predictive accuracy and diagnostic robustness on the target 
EBR tools.

To clarify the operational distinction from the multi-tool sample 
pooling described in Section 3.2, "stacking" in this cross-machine setting 
refers specifically to column-wise vector concatenation of the high-
dimensional latent embeddings extracted from each independently 
trained GAT backbone, rather than row-wise sample pooling of raw 
records. The joint decision head is trained in a supervised manner using 
the binary PASS/FAIL labels corresponding to the target EBR process 
runs. During inference and operational testing, evaluation is performed 
strictly per-tool on the EBR test dataset using only its run-specific sensor 
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window. Because the stacked decision head requires no concurrent or 
downstream measurements from other equipment during runtime, this 
deployment setup completely avoids any risk of cross-tool or temporal 
data leakage.

4. TabM model training

In addition to the physics-structured graph neural network, TabM 
(Gorishniy et al., 2025, 2021) is evaluated as a modern deep-learning 
model for tabular PASS/FAIL prediction. Unlike the Physics-GAT, which
explicitly encodes subsystem-level physical structure, TabM operates on 
a flattened tabular representation and focuses on improving the per-
formance of multilayer perceptrons (MLPs) through parameter-efficient 
ensembling. This makes TabM a useful complementary benchmark to 
assess whether strong nonlinear tabular learning alone can capture the 
relationships present in semiconductor manufacturing data.

TabM is based on the observation that MLP performance on tabular 
data can be significantly improved by ensembling. Instead of training 𝐾
independent neural networks, TabM shares a common backbone while 
introducing lightweight member-specific factors, effectively approxi-
mating an ensemble within a single model. For each input sample 𝑖, 
the model produces 𝐾 logits: 
𝑧𝑖,1, 𝑧𝑖,2,… , 𝑧𝑖,𝐾 , (7)

and the final predicted probability is obtained by averaging: 

𝑝̂𝑖 =
1
𝐾

𝐾
∑

𝑘=1
𝜎(𝑧𝑖,𝑘), (8)

where 𝜎(⋅) is the sigmoid function.
The TabM architecture can be interpreted as a BatchEnsemble-style 

model (Wen et al., 2020), where each ensemble member shares a global 
weight matrix while using member-specific multiplicative factors. For 
a hidden layer 𝓁, the transformation can be written as: 

ℎ(𝓁+1)𝑖,𝑘 = 𝜙
((

ℎ(𝓁)𝑖,𝑘 ⊙ 𝑟
(𝓁)
𝑘

)

𝑊 (𝓁) ⊙ 𝑠(𝓁)𝑘 + 𝑏(𝓁)𝑘

)

, (9)

where 𝑟(𝓁)𝑘  and 𝑠(𝓁)𝑘  are member-specific parameters, and 𝜙(⋅) is a 
nonlinear activation function.

For each production run, the TabM input is constructed using the 
same processed features as the neural baselines. Sensor statistics are 
arranged into a tensor 
𝐴𝑖 ∈ R𝑆×𝑄, (10)

where 𝑆 is the number of sensors and 𝑄 is the number of statistical 
descriptors. A missing-mask tensor 
𝑀𝑖 ∈ {0, 1}𝑆×𝑄 (11)

is constructed in parallel. After standardization and imputation using 
training-only statistics, the numerical input is defined as 
𝑥(num)
𝑖 =

[

vec(𝐴𝑖), vec(𝑀𝑖), 𝑢𝑖
]

, (12)

where 𝑢𝑖 includes all engineered feat_* variables and auxiliary de-
scriptors such as processing time and duration.

Categorical variables are embedded as: 
𝑥(cat)𝑖 = (𝚜𝚝𝚊𝚐𝚎, 𝚜𝚝𝚎𝚙, 𝚕𝚘𝚝𝚝𝚢𝚙𝚎, 𝚛𝚎𝚌𝚒𝚙𝚎, 𝚙𝚛𝚘𝚍), (13)

and mapped to embedding vectors that are concatenated with the 
numerical input.

The model is trained using a weighted binary cross-entropy loss: 

 = 1
𝑁

𝑁
∑

𝑖=1

1
𝐾

𝐾
∑

𝑘=1
BCEWithLogits(𝑧𝑖,𝑘, 𝑦𝑖;𝑤+), (14)

where 𝑤+ compensates for the low FAIL rate.
The same temporal split as in the benchmark models is used. The 

most recent fiscalweek segment is held out as the test set, while the 
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earlier portion is split into training and validation subsets. All prepro-
cessing steps, including scaling and categorical encoding, are performed 
using training data only. Model selection is based on validation ROC–
AUC, and final evaluation includes both ROC–AUC and the maximum 
achievable TPR under the constraint FPR ≤ 0.2.

TabM provides a strong neural baseline with several advantages. 
First, it can effectively model nonlinear relationships in high-dimensiona
tabular data. Second, its parameter-efficient ensemble structure reduces 
overfitting compared with single MLP models. Third, it does not rely on 
predefined graph structure, making it complementary to Physics-GAT. 
Because its inductive bias differs from both LightGBM and graph-
based models, TabM is particularly valuable as a component in hybrid 
ensemble and meta-learning frameworks.

However, TabM does not explicitly encode physical relationships 
between subsystems, which limits its interpretability compared with 
Physics-GAT. Therefore, it is used in this work as a benchmark and as a 
complementary model rather than a replacement for physics-informed 
architectures.

5. TabR model training

To further evaluate whether modern neural tabular architectures 
can improve semiconductor PASS/FAIL prediction beyond conventional 
gradient-boosted decision trees and physics-structured graph learning, 
we also consider TabR, a retrieval-augmented tabular deep-learning 
model. Unlike TabM, which improves MLP performance through para-
meter-efficient ensembling, TabR introduces a local retrieval mecha-
nism into a neural network. For a target production run, the model 
retrieves similar historical training runs and uses their representations, 
and optionally their labels, to improve the prediction for the target 
run. This design is motivated by the observation that tabular predic-
tion problems often contain local structure: samples that are close in 
feature space may share related operating regimes, process conditions, 
or failure mechanisms. TabR was proposed as a simple retrieval-based 
tabular deep-learning model and was demonstrated to achieve strong 
performance on public tabular benchmarks, including datasets where 
gradient-boosted decision trees remain highly competitive (Gorishniy 
et al., 2024, 2021; Ke et al., 2017).

In the semiconductor manufacturing setting considered here, the 
retrieval principle is especially relevant because certain PASS/FAIL 
signatures may recur under similar tool, recipe, step, or sensor-state 
conditions. A global model such as LightGBM or an MLP must learn 
such patterns only through its fitted parameters, whereas a retrieval-
augmented model can explicitly compare a new run with previous 
runs that exhibit similar feature signatures. This makes TabR a useful 
complementary model to the Physics-GAT: the graph model emphasizes 
physically structured subsystem interactions, while TabR emphasizes 
local historical similarity in the processed tabular feature space.

5.1. Input representation and retrieval bank

The TabR input is constructed using the same processed represen-
tation used for the other neural tabular models. For production run 𝑖, 
the processed sensor statistics are arranged into a fixed-width tensor 
𝐴𝑖 ∈ R𝑆×𝑄, (15)

where 𝑆 denotes the number of discovered sensor IDs and 𝑄 de-
notes the number of statistical channels. These channels include cen-
tral tendency, dispersion, extrema, range, valid-length descriptors, 
and coefficient-of-variation features when applicable. A corresponding 
missing-mask tensor 
𝑀𝑖 ∈ {0, 1}𝑆×𝑄 (16)

is constructed in parallel, where a value of one indicates that the 
corresponding sensor statistic is missing or invalid.
8 
As in the Physics-GAT and TabM pipelines, invalid overflow-like 
control values are first converted to missing values. Numerical statistics 
are then standardized using training-set means and standard deviations 
only. Missing entries are imputed by the corresponding training-set 
mean for numerical stability, while the level of missing information is 
retained through 𝑀𝑖. The final numerical input is defined as 
𝑥(num)
𝑖 =

[

vec(𝐴𝑖), vec(𝑀𝑖), 𝑢𝑖
]

, (17)

where 𝑢𝑖 contains all engineered feat_* variables and retained auxil-
iary descriptors such as

processed_time, len, and duration_sec when present.
Categorical variables are represented as 

𝑥(cat)𝑖 = (𝚜𝚝𝚊𝚐𝚎, 𝚜𝚝𝚎𝚙, 𝚕𝚘𝚝𝚝𝚢𝚙𝚎, 𝚛𝚎𝚌𝚒𝚙𝚎, 𝚙𝚛𝚘𝚍), (18)

with fallback column names used when the canonical names are not 
present. Each categorical variable is mapped to a learned embedding, 
and the embedded categorical representation is concatenated with the 
numerical input before being passed through the neural encoder.

A key component of TabR is the train-only retrieval bank. Let 
 = {(𝑥(num)

𝑗 , 𝑥(cat)𝑗 , 𝑦𝑗 ) ∶ 𝑗 ∈ train} (19)

denote the set of available candidate runs in the training set. Only 
training samples are inserted into this bank. Validation and test samples 
are allowed to retrieve neighbors from the training bank, but their 
own labels and other validation/test labels are never inserted into the 
retrieval bank. This constraint is important for preventing label leakage 
under the temporal test protocol.

5.2. Retrieval-augmented prediction

The model first maps the target run into a latent representation 
using a feed-forward neural encoder: 
ℎ𝑖 = 𝑓𝜃

(

𝑥(num)
𝑖 , 𝑥(cat)𝑖

)

. (20)

For retrieval, each sample is also mapped to a retrieval feature vector 
𝜌𝑖. In the implementation, 𝜌𝑖 is constructed from the standardized 
numerical features and encoded categorical context, followed by nor-
malization. For a target run 𝑖, the model retrieves the 𝑚 most similar 
training-bank samples according to a similarity score 𝑠(𝜌𝑖, 𝜌𝑗 ): 

𝑚(𝑖) = TopK𝑗∈train 𝑠(𝜌𝑖, 𝜌𝑗 ), (21)

where 𝑚 is the retrieval context size. In the present implementation, 
cosine similarity is used in the fixed retrieval space: 

𝑠(𝜌𝑖, 𝜌𝑗 ) =
𝜌⊤𝑖 𝜌𝑗

‖𝜌𝑖‖2‖𝜌𝑗‖2
. (22)

When the queried sample is itself a training sample, its own index 
is excluded from the retrieved neighbor set so that the model cannot 
trivially recover its label from the retrieval bank.

After retrieving the neighbor set 𝑚(𝑖), TabR uses an attention-
like aggregation mechanism to extract useful information from the 
retrieved samples. This follows the broader idea that attention can be 
used to weight relevant context objects according to learned similar-
ity (Vaswani et al., 2017). For each retrieved neighbor 𝑗 ∈ 𝑚(𝑖), its 
hidden representation is 
ℎ𝑗 = 𝑓𝜃

(

𝑥(num)
𝑗 , 𝑥(cat)𝑗

)

. (23)

The target representation produces a query vector, and each neighbor 
produces a key vector: 
𝑞𝑖 = 𝑊𝑞ℎ𝑖, 𝑘𝑗 = 𝑊𝑘ℎ𝑗 . (24)

The attention weight assigned to neighbor 𝑗 is then 

𝛼𝑖𝑗 =
exp

(

𝑞⊤𝑖 𝑘𝑗∕
√

𝑑𝑘
)

∑

exp
(

𝑞⊤𝑘 ∕
√

𝑑
) , (25)
𝓁∈𝑚(𝑖) 𝑖 𝓁 𝑘
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where 𝑑𝑘 is the key dimension.
Because the retrieved objects are labeled training examples, the 

neighbor label can also be used as part of the retrieved value repre-
sentation. In the implementation, the label is projected into the hidden 
space and combined with the neighbor representation before value 
aggregation: 
𝑣𝑗 = 𝑊𝑣

(

ℎ𝑗 +𝑊𝑦𝑦𝑗
)

. (26)

The retrieved context vector is then computed as 
𝑐𝑖 =

∑

𝑗∈𝑚(𝑖)
𝛼𝑖𝑗𝑣𝑗 . (27)

Finally, the target representation and retrieved context are combined 
using both direct and interaction features: 
𝑔𝑖 =

[

ℎ𝑖, 𝑐𝑖, ℎ𝑖 ⊙ 𝑐𝑖, |ℎ𝑖 − 𝑐𝑖|
]

, (28)

where ⊙ denotes elementwise multiplication. The final logit is obtained 
from a classifier head: 
𝑧𝑖 = 𝜓𝜔(𝑔𝑖), (29)

and the predicted FAIL probability is 
𝑝̂𝑖 = 𝜎(𝑧𝑖). (30)

This retrieval-augmented structure can be interpreted as combin-
ing the representation-learning ability of a neural network with the 
local adaptivity of nearest-neighbor methods (Cover and Hart, 1967; 
Gorishniy et al., 2024). If a target run resembles previous abnormal 
or borderline runs, the retrieved context can help amplify this local 
evidence even when the global classifier is uncertain.

5.3. Training and evaluation protocol

The TabR model is trained using the same data separation protocol 
as the other models in this work. For each EBR tool, the most recent 
fiscalweek-defined portion of the data is reserved as the held-out test 
set, and the earlier model-development portion is split into training and 
validation subsets. Numerical scaling, missing-value imputation statis-
tics, categorical vocabularies, and the retrieval bank are all constructed 
from training data only. The validation set is used for model selection 
and early stopping, while the test set is used only for final evaluation.

The training objective is weighted binary cross-entropy: 

TabR = 1
𝑁

𝑁
∑

𝑖=1
BCEWithLogits(𝑧𝑖, 𝑦𝑖;𝑤+), (31)

where 𝑤+ is the positive-class weight used to compensate for the 
low FAIL rate. The model is trained with mini-batch optimization, 
AdamW updates, dropout, gradient clipping, and early stopping based 
on validation ROC–AUC. In the current implementation, the retrieval 
context size is set to 𝑚 = 32, so each target run attends to at most 32 
retrieved training examples.

TabR has several potential advantages for the semiconductor PASS/
FAIL task. First, it can exploit local recurrence in failure signatures: 
if rare failures occupy small pockets of the sensor-context feature 
space, retrieval can directly expose the model to similar historical 
cases. Second, unlike purely parametric tabular models, TabR can adapt 
predictions based on the neighborhood of each individual run. Third, 
because the retrieved neighbors come from the training set, the model 
provides a natural diagnostic interface: engineers can inspect which 
historical runs were retrieved for a high-risk prediction. This property is 
especially useful in industrial fault detection, where identifying similar 
previous events may support practical root-cause analysis.

At the same time, TabR is sensitive to the quality of the retrieval 
space. If tool drift, recipe changes, or maintenance events cause older 
runs to become poor analogs for current runs, retrieval can intro-
duce misleading local evidence. For this reason, TabR is evaluated 
9 
under the same strict temporal test protocol used for LightGBM, TabM, 
and Physics-GAT. In the present study, TabR is therefore treated as 
a complementary neural benchmark and as a candidate expert for 
future hybrid meta-learning rather than as a replacement for physics-
structured graph modeling. Its performance is assessed using ROC–
AUC and the maximum achievable TPR under the industrial constraint 
FPR ≤ 0.2, consistent with the other models in this work.

The core motivation behind decoupling representation learning 
from tree-based classification is to leverage the specialized operational 
efficiencies of both paradigms. Deep neural architectures like TabM 
and TabR are explicitly designed to tackle complex, high-dimensional 
tabular data and map raw features into rich, non-linear latent repre-
sentations. Conversely, gradient-boosted decision trees such as Light-
GBM excel at determining optimal, non-linear decision boundaries for 
classification tasks, especially when dealing with highly imbalanced 
semiconductor process data. Decoupling these processes and allowing 
each component to focus entirely on its primary capability—letting the 
neural backbones handle representation learning while delegating the 
classification task to the gradient-boosted tree head—not only avoids 
the high computational overhead of joint end-to-end training but also 
significantly boosts overall predictive performance and generalization.

5.4. Hybrid tabular neural-tree framework: TabM/TabR and LightGBM 
integration

To combine the strong representational capabilities of modern 
deep tabular models with the highly efficient decision boundaries 
of gradient-boosted decision trees, we introduce a hybrid neural-tree 
framework that integrates TabM and TabR with LightGBM. This hybrid 
approach begins by training the feature-extraction weights of both the 
TabM and TabR backbones independently on the processed tabular 
sensor datasets. Once these backbone weights are fully optimized, we 
freeze them, halting further training before the data reaches their 
respective classification or retrieval decision heads. We then use the 
frozen backbones to extract static, high-dimensional latent representa-
tion vectors for each production run. Finally, we use those extracted 
feature vectors to train a LightGBM model entirely from scratch. By 
training the LightGBM decision head from the very beginning on these 
frozen neural representations, we successfully prevent downstream 
data leakage during the tree-fitting process while exploiting the ro-
bust splitting capabilities of gradient boosting on highly imbalanced 
semiconductor data.

6. Context-aware gated ensemble of LightGBM, TabM, and TabR

The single-model results demonstrate that different tabular learn-
ers can be favorable under different tool and operating conditions. 
LightGBM provides a strong tree-based benchmark, TabM provides a 
parameter-efficient neural ensemble, and TabR provides a retrieval-
augmented local-similarity model. Because these three models have 
different inductive biases, a simple unweighted average of their pre-
dicted probabilities may not fully exploit their complementarity. We 
therefore introduce a context-aware gated ensemble that learns sample-
dependent weights over LightGBM, TabM, and TabR. This approach 
is related to stacked generalization and super learner methods, where 
a second-level model combines the outputs of multiple base learn-
ers (Wolpert, 1992; Van der Laan et al., 2007). It is also closely related 
to mixture-of-experts models, in which a gating network assigns differ-
ent weights to different experts depending on the input context (Jacobs 
et al., 1991).

Let the set of base models be 
 = {LGBM,TabM,TabR}. (32)

Each base model is trained independently using the same training/vali-
dation/test split as described in the previous sections. LightGBM rep-
resents the classical GBDT benchmark (Ke et al., 2017), TabM repre-
sents the parameter-efficient neural ensemble model (Gorishniy et al., 
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2025), and TabR represents the retrieval-augmented tabular neural 
model (Gorishniy et al., 2024). After training, each model produces a 
predicted FAIL probability for run 𝑖: 
𝑝(𝑚)𝑖 = 𝑃𝑚(𝑦𝑖 = 1 ∣ 𝑥𝑖), 𝑚 ∈ . (33)

The predicted probabilities are first clipped for numerical stability and 
converted to logits: 

𝓁(𝑚)
𝑖 = log

(

𝑝̃(𝑚)𝑖

1 − 𝑝̃(𝑚)𝑖

)

, 𝑝̃(𝑚)𝑖 = clip
(

𝑝(𝑚)𝑖 , 𝜖, 1 − 𝜖
)

, (34)

where 𝜖 is a small constant.

6.1. Context features for the gating network

The gating network is designed to determine which base model 
should be trusted more for a given production run. Rather than using 
the full high-dimensional sensor feature vector, the gate uses a compact 
set of contextual features to reduce overfitting. The categorical context 
includes 
𝑐(cat)𝑖 = (𝚜𝚝𝚊𝚐𝚎, 𝚜𝚝𝚎𝚙, 𝚕𝚘𝚝𝚝𝚢𝚙𝚎, 𝚛𝚎𝚌𝚒𝚙𝚎, 𝚙𝚛𝚘𝚍), (35)

with fallback column names used when the canonical names are absent. 
In the multi-tool setting, a dataset or tool identifier can also be included 
as an additional categorical feature. The numerical context includes 
retained timing and duration descriptors such as processed_time,
len, and duration_sec, together with a sensor-missingness fraction 
when available: 

𝑐(num)
𝑖 = [𝚙𝚛𝚘𝚌𝚎𝚜𝚜𝚎𝚍_𝚝𝚒𝚖𝚎, 𝚕𝚎𝚗, 𝚍𝚞𝚛𝚊𝚝𝚒𝚘𝚗_𝚜𝚎𝚌, 𝚜𝚎𝚗𝚜𝚘𝚛_𝚖𝚒𝚜𝚜𝚒𝚗𝚐_𝚏𝚛𝚊𝚌].

(36)

The categorical variables are mapped to learned embeddings, and 
the numerical context variables are standardized using meta-training 
statistics only. The resulting context representation is denoted by 
𝑞𝑖 =

[

Emb(𝑐(cat)𝑖 ), 𝑐(num)
𝑖

]

. (37)

6.2. Soft gating formulation

The gated ensemble assigns a nonnegative weight to each base 
model for every sample. A small neural gating function 𝑔𝜂(⋅) maps the 
context representation 𝑞𝑖 to a vector of model-specific scores: 
𝑎𝑖 = 𝑔𝜂(𝑞𝑖) ∈ R||. (38)

The final model weights are obtained using a softmax function: 

𝑤(𝑚)
𝑖 =

exp(𝑎(𝑚)𝑖 )
∑

𝑟∈ exp(𝑎(𝑟)𝑖 )
,

∑

𝑚∈
𝑤(𝑚)
𝑖 = 1. (39)

Thus, the gate can learn, for example, to place more weight on Light-
GBM for one recipe regime, more weight on TabR for samples that 
benefit from local historical similarity, and more weight on TabM for 
regimes where the neural tabular representation is more reliable. Un-
like a hard model-selection rule, the softmax gate allows multiple mod-
els to contribute simultaneously while still permitting an uninformative 
model to receive a near-zero weight.

Before combining the base logits, the meta model applies a learnable 
affine calibration to each base-model logit: 
𝓁(𝑚)
𝑖 = 𝛼𝑚𝓁

(𝑚)
𝑖 + 𝛽𝑚, (40)

where 𝛼𝑚 and 𝛽𝑚 are model-specific scale and bias parameters. This 
calibration is useful because different base models may produce prob-
abilities with different levels of sharpness or bias. The final ensemble 
logit is then 
𝑧(ens)𝑖 = 𝑏0 +

∑

𝑤(𝑚)
𝑖 𝓁(𝑚)

𝑖 , (41)

𝑚∈
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where 𝑏0 is a global bias term. The final ensemble predicted probability 
is 
𝑝̂(ens)𝑖 = 𝜎

(

𝑧(ens)𝑖

)

. (42)

For comparison, a simple average ensemble would instead use 

𝑝̂(avg)𝑖 = 1
||

∑

𝑚∈
𝑝(𝑚)𝑖 , (43)

which assigns the same model weights to every sample. The gated for-
mulation is more flexible because the weights depend on the operating 
context.

6.3. Meta-learner training protocol

The base models are trained first and then frozen. Their validation 
and test predictions are saved in row-aligned form, with identical target 
labels and identical validation/test row ordering across LightGBM, 
TabM, and TabR. The meta learner is trained only after these base pre-
dictions are generated. In the present implementation, the validation 
predictions from the base models serve as the meta-training set, and the 
held-out temporal test predictions serve as the final meta-test set. This 
holdout stacking protocol avoids using test labels during meta-model 
training and is consistent with the strict held-out evaluation design used 
throughout the paper.

For meta-training, the supervised loss is weighted binary cross-
entropy: 

ens =
1

𝑁meta

𝑁meta
∑

𝑖=1

[

−𝑤+𝑦𝑖 log
(

𝑝̂(ens)𝑖

)

− (1 − 𝑦𝑖) log
(

1 − 𝑝̂(ens)𝑖

)]

, (44)

where 𝑤+ compensates for the low FAIL rate. The meta learner is 
optimized with AdamW, dropout, gradient clipping, and early stopping 
based on an internal validation split of the meta-training set. After the 
best epoch is selected, the final meta learner can be retrained on the 
full validation-prediction set for the selected number of epochs before 
evaluation on the held-out temporal test set.

This procedure differs from selecting the single best model by 
validation performance. Instead of choosing one model globally, the 
gated ensemble learns a context-dependent combination rule. This is 
important for semiconductor manufacturing data because tool behav-
ior, recipe conditions, and process stages can influence which model 
family is most reliable. The learned gate weights also provide a useful 
diagnostic output: average weights can be reported by tool, recipe, 
or process condition to determine whether the ensemble is relying 
primarily on LightGBM, TabM, or TabR in different regimes.

6.4. Interpretation and practical advantages

The proposed gated ensemble has several practical advantages. 
First, it combines three complementary model classes: LightGBM cap-
tures nonlinear tree-based partitions, TabM provides a smooth neu-
ral ensemble over dense tabular features, and TabR provides local 
retrieval-based evidence from similar historical runs. Second, the gating 
network avoids the limitation of uniform averaging by allowing the 
model weights to vary across production contexts. Third, the affine logit 
calibration layer allows the meta learner to correct for differences in 
probability calibration across base models. Finally, the learned weights 
provide an interpretable summary of model reliance. If one model is 
consistently unhelpful, the gate can assign it a very small average 
weight; if a model is useful only for certain tools or recipes, the gate 
can preserve that local contribution rather than removing the model 
globally.

The final gated ensemble is evaluated using the same criteria as 
the individual models: ROC–AUC and the maximum achievable TPR 
subject to FPR ≤ 0.2. This ensures that the ensemble is assessed both 
as a ranking model and as a deployment-oriented fault-detection model 
operating under an industrial false-alarm constraint.
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Fig. 2. One-sided Wilcoxon signed-rank test results for the hypotheses that LightGBM outperforms FNN in ROC–AUC and in TPR under FPR ≤ 0.2. Bars above 
the dashed line correspond to 𝑝 < 0.05. The AUC advantage of LightGBM is significant on four of the five tools, whereas the TPR advantage is significant on all 
five tools.
n 
7. Results and discussion

7.1. Benchmark model performance

The benchmark model in this work is LightGBM, and its perfor-
mance was evaluated under the same temporally ordered test protocol 
used throughout the paper. Specifically, the most recent portion of the 
data (fiscalweek > 202552) was held out as a fixed test set, while the 
earlier portion was used for model development. However, within this 
model development period, the training and validation subsets were 
generated by random splitting. As a result, the benchmark performance 
is not completely deterministic, even when the temporal test set is 
fixed. The randomness in the train/validation split changes the exact 
set of samples seen during training, affects the train-only scaling pa-
rameters used in the neural baseline and in the multi-tool aggregation 
workflow, and also changes the validation trajectory used for early 
stopping. To make the comparison more statistically credible, all single-
tool experiments were repeated with 10 different random seeds, and the 
reported values are the mean and 95% confidence interval across these 
runs.

To determine whether the observed benchmark differences were 
systematic rather than incidental, we applied a paired one-sided Wilcoxo
signed-rank test (Wilcoxon, 1945) to the 10-seed results for each 
tool. For ROC–AUC, the alternative hypothesis was that LightGBM 
outperforms FNN on four of the five EBR tools (EBARA Chemical 
Mechanical Polishing Tool). The resulting 𝑝-values, shown in Fig.  2, 
strongly support LightGBM on EBR51 (𝑝 = 0.0010), EBR52 (𝑝 = 0.0010), 
EBR54 (𝑝 = 0.0010), and EBR55 (𝑝 = 0.0020), while EBR53 clearly 
favors the FNN baseline instead (𝑝 = 1.0000 for the one-sided test in 
the LightGBM-better direction). For the TPR metric under the FPR ≤
0.2 constraint, the one-sided hypothesis that LightGBM is better than 
FNN is supported on all five tools, with 𝑝-values of 0.0010, 0.0078, 
0.0244, 0.0039, and 0.0156 for EBR51–EBR55, respectively. Therefore, 
although the FNN can occasionally produce a better global ranking 
score on an individual tool, the LightGBM benchmark is more reliable 
in the practically relevant low-FPR fault-detection regime and should 
be regarded as the stronger baseline for the remainder of this study.

To empirically verify the validity of the internal random develop-
ment split, a sensitivity diagnostic study was conducted comparing 
the baseline LightGBM performance under the internal random vali-
dation split against a strictly chronological validation split within the 
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80% development period. The empirical results demonstrate that a 
chronological validation split induces significant distribution shift and 
severe local overfitting during hyperparameter selection, yielding an 
extreme gap between training and validation ROC–AUC (0.9420 vs. 
0.7494). In contrast, the internal random development split maintains 
consistent, representative feature distributions across the training and 
validation sets (0.9959 vs. 0.9317). By providing a stable validation 
signal, the random development split prevents premature or volatile 
early stopping on localized operational anomalies, ensuring that hy-
perparameter tuning optimizes for long-term generalizability on the 
ultimate temporal test set.

We next evaluated whether LightGBM could benefit from multi-
tool aggregation. For each target tool, the best aggregation part-
ner was selected from the validation-stage search, yielding the pairs 
EBR51+EBR54, EBR52+EBR55, EBR53+EBR52, EBR54+EBR52, and 
EBR55+EBR54. The front and back results shown in Figs.  3 and 4 
correspond to the two stacking orders used during pooled training. As 
expected, these two orders are statistically equivalent in principle and 
differ only through the realized train/validation split after aggregation, 
so their results are close but not identical. The overall trend is neverthe-
less clear. Aggregation provides large and practically meaningful gains 
for EBR53, EBR54, and EBR55. For example, on EBR54 the mean ROC–
AUC increases from 0.6000 in the single-tool setting to 0.6829–0.7068 
after aggregation with EBR52, while the mean TPR increases from 
0.2444 to 0.3444–0.4000. On EBR55, aggregation with EBR54 in-
creases the mean ROC–AUC from 0.4351 to 0.5809–0.6150 and the 
mean TPR from 0.0476 to 0.3000–0.3619. EBR53 also improves consis-
tently, with mean ROC–AUC rising from 0.4822 to 0.5032–0.5333 and 
mean TPR rising from 0.1556 to 0.1876–0.2395. By contrast, EBR52 
shows only modest and statistically uncertain improvement, and EBR51 
exhibits a mixed pattern: aggregation with EBR54 increases TPR but 
does not improve ROC–AUC relative to the single-tool benchmark. 
Taken together, these results demonstrated that aggregation is not 
universally beneficial, but it is clearly worth trying on CMP tools, 
especially when the target tool has limited standalone signal quality or 
can benefit from structurally similar helper tools, which is consistent 
with previous findings on industrial multi-machine aggregation (Ou 
et al., 2025).

The statistical significance of the aggregation benefit was again 
evaluated with a paired one-sided Wilcoxon signed-rank test, now using 
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Fig. 3. Comparison between single-tool LightGBM and the best validation-selected aggregation pair for each target tool. The front and back bars correspond to 
the two stacking orders used during pooled training. Error bars denote the 95% confidence interval over 10 random seeds. Aggregation yields clear ROC–AUC 
improvements for EBR53, EBR54, and EBR55, mixed behavior for EBR51, and uncertain behavior for EBR52.
Fig. 4. Comparison between single-tool LightGBM and the best validation-selected aggregation pair for each target tool using the industrial operating metric of 
maximum TPR under the constraint FPR ≤ 0.2. The helper tool chosen for each target is indicated below the 𝑥-axis label. Aggregation substantially improves TPR 
on EBR53, EBR54, and EBR55, and also raises TPR on EBR51 and EBR52, although the latter improvements are not always statistically significant.
the alternative hypothesis that the best aggregation setting is better 
than the corresponding single-tool LightGBM baseline. The resulting 𝑝-
values are summarized in Fig.  5. For EBR53, aggregation significantly 
improves both ROC–AUC (𝑝 = 0.0029) and TPR (𝑝 = 0.0010). The 
same conclusion holds for EBR54, with 𝑝 = 0.0010 for ROC–AUC and 
𝑝 = 0.0332 for TPR, and for EBR55, with 𝑝 = 0.0010 for both metrics. For 
EBR52, the 𝑝-values are 0.2158 for ROC–AUC and 0.4531 for TPR, in-
dicating no statistically reliable advantage for aggregation. For EBR51, 
aggregation significantly improves TPR (𝑝 = 0.0391) but not ROC–
AUC; in fact, the one-sided AUC test strongly rejects the hypothesis 
that aggregation is better (𝑝 = 0.9677), so the single-tool model remains 
preferable when overall ranking performance is prioritized. Therefore, 
the benchmark evidence supports the following practical conclusion: 
multi-tool LightGBM aggregation is a worthwhile strategy for CMP soft 
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sensing and fault classification, but its benefit is dataset dependent. In 
the present study, aggregation is clearly beneficial for EBR53, EBR54, 
and EBR55, essentially neutral for EBR52, and not favorable for EBR51 
in terms of ROC–AUC.

When evaluated against rigorous industrial deployment criteria, 
these benchmark results reveal a critical limitation. While LightGBM 
demonstrates a statistically significant advantage over standard feed-
forward neural networks in the low-FPR operating region, its abso-
lute True Positive Rate (TPR) falls substantially short of the ≥ 0.8
threshold typically required for live manufacturing deployment. This 
performance ceiling is largely imposed by the severe data constraints 
inherent to high-yield semiconductor lines, where extreme class im-
balance (a ∼ 1% failure rate) and high process noise prevent stan-
dard tabular models from resolving sharp decision boundaries on a 
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Fig. 5. One-sided Wilcoxon signed-rank test results for the hypotheses that the best aggregation setting outperforms the corresponding single-tool LightGBM 
baseline in ROC–AUC and in TPR under FPR ≤ 0.2. Bars above the dashed line correspond to 𝑝 < 0.05. Aggregation is strongly supported for EBR53, EBR54, and 
EBR55, inconclusive for EBR52, and unfavorable for EBR51 in ROC–AUC.
single machine. While multi-tool aggregation successfully lifts this 
ceiling for specific machines like EBR54 and EBR55, the improve-
ments are highly dataset-dependent and remain insufficient across the 
entire fleet. These baseline shortfalls highlight a stark reality that stan-
dard tree-based optimization on individual tools is not robust enough 
for standalone industrial use. This operational gap provides the pri-
mary motivation for the remainder of this study, driving the necessity 
for specialized architectures—such as physics-structured GNNs and 
retrieval-augmented tabular models—to systematically suppress noise, 
share sparse failure signatures, and move closer to practical deployment 
targets.

7.2. Physics-structured GNN model performance

The physics-structured graph attention network (Physics-GAT) was 
evaluated under the same temporal test protocol and 10-seed repeated 
train/validation splitting strategy used for the benchmark models. In 
this subsection, the reported 𝑝-values correspond to one-sided Wilcoxon 
signed-rank tests with the alternative hypothesis that the Physics-GAT 
model is better than the LightGBM benchmark. For the single-tool 
setting, this means single-tool Physics-GAT  versus single-tool LightGBM. 
For the dual-tool setting, this means the validation-selected best dual-tool 
Physics-GAT configuration versus the -validation-selected best dual-tool 
LightGBM configuration. The same two evaluation metrics are used 
throughout: ROC–AUC and the maximum achievable TPR under the 
industrial constraint FPR ≤ 0.2.

Beyond quantitative classification performance, a primary moti-
vation for adopting the Physics-GAT framework is diagnostic inter-
pretability. Standard tabular baselines act as black boxes, offering little 
insight into feature importance during dynamic failure events. By em-
bedding physical subsystem topologies directly into the graph attention 
mechanism, the model is designed to provide transparent, inspectable 
decision pathways. To evaluate whether this physical structure yields 
actionable diagnostic visibility, we examine the intra-group attention 
weight distributions (𝛼𝑖) across operational regimes.

To evaluate the diagnostic interpretability of the Physics-GAT archi-
tecture, an empirical experiment was conducted comparing intra-group 
attention weights (𝛼𝑖) across nominal (PASS) and abnormal (FAIL) 
production runs. Building on our prior observation that global subsys-
tem gating exhibits near-uniform behavior across process groups, this 
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analysis focused directly on the sensor-level attention distributions. As 
illustrated in Fig.  6, the intra-group attention weights remain virtually 
identical between PASS and FAIL cases. Rather than providing dynamic 
feature re-weighting during failure events, the network learns a near-
static attention profile across operational regimes. While this uniform 
behavior indicates that the physics-informed structure does not yield 
performance enhancements on this specific dataset, it highlights the 
primary utility of model transparency. By opening the internal atten-
tion mechanisms to direct inspection, process engineers can observe 
exactly why the model fails to isolate root causes. The value of the 
physics-structured graph lies in its diagnostic legibility—rendering its 
internal decision process fully transparent—even when revealing that 
the learned representations are insufficient for distinct fault isolation 
under current process conditions.

Comparing to the single-tool Physics-GAT training, a clearer benefit 
of the graph formulation emerges in the dual-tool setting. Here, the 
graph model is trained on the target tool together with one helper tool 
selected from the validation-stage search. The best validation-selected 
helper tools for Physics-GAT are EBR51–EBR54, EBR52–EBR55,
EBR53–EBR51, EBR54–EBR51, and EBR55–EBR53. The corresponding 
front and back results, shown in Figs.  7 and 8, differ only through the 
realized train/validation split after aggregation and are therefore sta-
tistically equivalent views of the same dual-training strategy. Relative 
to the single-tool Physics-GAT baseline, dual-tool Physics-GAT expands 
the attainable performance range on several tools. For example, EBR52 
improves from a single-tool ROC–AUC of 0.5293 to a dual-tool range 
of 0.5634 in both front and back orderings, while EBR54 increases 
from 0.3950 to 0.5207–0.5633. EBR55 also shows a noticeable AUC 
increase in the best dual ordering, from 0.4153 to 0.4975. For the 
constrained-TPR metric, the most visible dual-training gains appear 
on EBR52 and EBR54, where the best dual-tool values rise to 0.3500 
and 0.3333, respectively, compared with 0.3000 and 0.1778 in the 
single-tool setting. EBR51 also shows a modest increase in the best dual 
ROC–AUC result, and EBR55 shows a mild improvement in constrained 
TPR. EBR53 remains strong in both single and dual configurations, with 
dual training maintaining a comparable performance level rather than 
fundamentally changing the result. Thus, even before comparing with 
LightGBM, the raw mean results suggest that the physics-structured 
model often benefits from access to an additional tool.

The more important comparison is whether the dual-tool Physics-
GAT can outperform the best dual-tool LightGBM benchmark. This 
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Fig. 6. Comparison of normalized intra-group attention weights (𝛼𝑖) between nominal (PASS) and abnormal (FAIL) production runs across physical sensor 
subsystems. The static attention distributions demonstrate model transparency by revealing the architecture fails to isolate dynamic, case-specific fault signatures 
on this dataset.
Fig. 7. Comparison between single-tool Physics-GAT and the best validation-selected dual-tool Physics-GAT configuration for each target tool. The front and back
bars correspond to the two stacking orders used during pooled training. Error bars denote the reported 95% confidence intervals. Dual-tool Physics-GAT expands 
the attainable ROC–AUC range on several tools, especially EBR52, EBR54, and EBR55.
is evaluated in Fig.  9 using the one-sided Wilcoxon test with the 
alternative hypothesis that the best dual-tool Physics-GAT is better than 
the best dual-tool LightGBM. The resulting 𝑝-values indicate that the 
dual-tool graph model has a higher potential to outperform LightGBM 
than was observed in the single-tool setting. For ROC–AUC, the number 
of statistically favorable tools increases from one in the single-tool 
case (EBR53 only) to two in the dual-tool case, namely EBR52 (𝑝 =
0.0420) and EBR53 (𝑝 = 0.0009). For the constrained-TPR metric, dual-
tool Physics-GAT is significantly better than dual-tool LightGBM on 
EBR52 (𝑝 = 0.0020), EBR53 (𝑝 = 0.0020), and EBR55 (𝑝 = 0.0001). In 
contrast, EBR51 and EBR54 do not show statistically supported dual-
tool advantages for the graph model. This pattern suggests that the 
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main strength of the physics-structured graph approach lies in its ability 
to exploit additional cross-tool data. Unlike LightGBM, which operates 
directly on flattened tabular statistics, the graph model must learn 
sensor-level embeddings, within-group attention, cross-group message 
passing, and context-conditioned subsystem interactions. This richer 
representation can be harder to optimize from a single tool alone, but 
it becomes more effective when dual-tool training provides enough 
data to stabilize subsystem-level relational patterns. The fact that the 
best helper tools selected by Physics-GAT are not always the same as 
those selected by LightGBM further suggests that the graph model is 
exploiting transferability at the level of shared physical structure rather 
than only marginal similarity in tabular feature distributions. Overall, 



C.-P. Lin et al. Digital Chemical Engineering 20 (2026) 100337 
Fig. 8. Comparison between single-tool Physics-GAT and the best validation-selected dual-tool Physics-GAT configuration using the industrial metric of maximum 
TPR under the constraint FPR ≤ 0.2. Helper tools selected by validation are indicated below each target tool. Dual-tool training raises the best observed constrained-
TPR on several tools, particularly EBR52 and EBR54.
Fig. 9. One-sided Wilcoxon signed-rank test results for the hypotheses that the best dual-tool Physics-GAT outperforms the best dual-tool LightGBM benchmark 
in ROC–AUC and in TPR under FPR ≤ 0.2. Bars above the dashed line correspond to 𝑝 < 0.05. Compared with the single-tool case, the dual-tool setting shows 
stronger evidence that Physics-GAT can outperform LightGBM, particularly on EBR52 and EBR53 in ROC–AUC and on EBR52, EBR53, and EBR55 in constrained 
TPR.
these results support the main hypothesis of this work: the physics-
structured GAT is most promising in the multi-tool regime, where 
it shows stronger and more frequent advantages over the LightGBM 
benchmark, especially in the low-FPR operating region that is most 
relevant for industrial fault detection.

An essential comparison is whether the cross-tool meta-head GNN 
models—which combine the EBR polishing backbones with the NXE 
or G602 dry-etch backbones—can outperform the strong single-tool 
15 
LightGBM benchmarks. Looking at the ROC–AUC values (Fig.  10), both 
the EBR52 and EBR53 meta-head GNN models successfully outperform 
their respective LightGBM baselines. Interestingly, whether the G602-
assisted or the NXE-assisted meta-head GNN performs better depends 
heavily on whether noise levels or training data size is more critical for 
that specific target tool. For EBR53, noise level has a more significant 
impact on model performance because EBR53 already contains the 
largest dataset among all the EBR tools. Consequently, introducing a 
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Fig. 10. Comparison between single-tool Physics-GAT, LightGBM baseline and the G602/NXE Metahead Physics-GAT configuration for each target tool. Metahead 
Physics-GAT improve on ROC–AUC value on several tools, especially EBR52, and EBR53.
cross-tool dataset with lower noise levels, such as the G602 dry-etch 
family, helps stabilize GNN training and yields a superior meta-head 
representation. As for EBR52, its data volume is only about 60% of that 
of EBR53. For this tool, increasing the training data size is a far more 
critical factor; therefore, leveraging the NXE dry-etch family, which 
provides a very large dataset, helps improve the model’s representation 
more effectively than the quieter but smaller G602 dataset. In con-
trast, for tools other than EBR52 and EBR53 (namely EBR51, EBR54, 
and EBR55), the meta-head GNN models are unable to outperform 
the LightGBM baselines in ROC–AUC. This is especially apparent for 
EBR54, which exhibits the highest baseline performance among all 
polishing tools. We suspect the primary reasons for this limitation on 
EBR54 are either physical misclassification in the target labels or the 
possibility that most of the raw sensor data does not fit cleanly into the 
physical groups defined during the preprocessing stage.

Observing from Fig.  11, the constrained True Positive Rate (TPR 
under the constraint FPR <= 0.2) values mostly follow the same per-
formance trends as the ROC–AUC, with a major exception observed on 
EBR55. Because EBR55 has the smallest dataset volume among all the 
EBR machines, its single-tool baseline performance is highly unstable 
and unacceptable for industrial deployment. Consequently, the cross-
tool meta-head GNN introduces substantial performance improvements 
on EBR55 in almost all evaluation cases. This pronounced improvement 
is not reflected in the ROC–AUC metric; because AUC is a global curve-
area metric, it does not isolate or evaluate performance looking solely 
at the accuracy of negative sample predictions under high-imbalance 
constraints, which are highly impacted by data scarcity in the low-FPR 
operating region.

7.3. Metric selection & PR-AUC vs. ROC-AUC baseline analysis

In high-volume semiconductor manufacturing with extreme class 
imbalance (a positive failure rate of approximately 1%–2%), selecting 
appropriate evaluation metrics requires balancing operational sensi-
tivity with cross-tool comparability. While Precision–Recall AUC (PR-
AUC) is frequently discussed for imbalanced datasets, comparing raw 
PR-AUC scores directly across different process tool fleets introduces 
substantial ambiguity. Unlike the constant 0.5 baseline of standard 
ROC–AUC, the uncalibrated baseline for PR-AUC equals the exact tool-
specific positive prevalence rate (𝑁∕(𝑃 + 𝑁) ≈ 0.015). Consequently, 
raw PR-AUC values cannot provide a normalized basis for cross-tool 
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performance comparison without explicitly accounting for fleet-specific 
baseline variations.

To establish a standardized comparison, Fig.  12 presents a side-
by-side evaluation of normalized ROC–AUC and baseline-adjusted PR-
AUC for the single-tool Physics-GAT configuration across process runs. 
As shown in the empirical results, PR-AUC behavior is highly case-
dependent—fluctuating significantly based on minor variations in tool-
specific fault prevalence and baseline shifts. Because PR-AUC is so 
sensitive to these tool-dependent prevalence variations, relying on it as 
a primary metric can yield inconsistent interpretations across different 
process chambers. Therefore, we conclude that ROC–AUC and partial 
ROC–AUC (pAUCFPR≤0.2) remain the most suitable and robust metrics 
for our setup, evaluating true positive rate improvements strictly within 
the operationally acceptable low false-alarm regime while maintaining 
standardization across distinct tool fleets.

7.4. Tabular model performance

Following the evaluation of the Physics-GAT, we investigated two 
specialized deep learning architectures designed specifically for tabular 
data: TabR and TabM. These models were selected to determine if deep 
learning architectures inherently optimized for tabular structures could 
provide a more robust alternative to the gradient-boosting baseline.

As demonstrated in Figs.  13 and 14, across the majority of the 
EBR tools, a consistent performance hierarchy emerges: while the 
LightGBM baseline often remains the superior model, TabR consistently 
outperforms TabM in terms of TPR value (FPR ≤ 0.2). Because TabR 
is an attention-based model while TabM is basically an ensemble of 
FNN models, this result aligns with the observations from the previous 
section, where the attention-driven Physics-GAT also demonstrated 
superior potential over standard tabular approaches. The exception to 
this trend is EBR53, which stands as the only tool where both the 
TabR and TabM models achieved better TPR and ROC–AUC results 
than the LightGBM baseline. For the other tools, although the TAB-
optimized deep learning models do not surpass the benchmark, the 
relative strength of TabR over TabM suggests it is more effective at ex-
tracting features from this specific tabular dataset as in manufacturing 
the prior failures always act as strong reference for the near future.

To statistically validate these trends, one-sided Wilcoxon 𝑝-value 
calculations were performed for TabR across the five tools. The re-
sults confirm that LightGBM is significantly better than TabR on all 
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Fig. 11. Comparison between single-tool Physics-GAT, LightGBM baseline and the G602/NXE Metahead Physics-GAT configuration for each target tool. Metahead 
Physics-GAT improve on TPR value on several tools, especially EBR52, EBR53, and EBR55.
Fig. 12. Comparison of normalized ROC–AUC and baseline-adjusted PR-AUC for the single-tool Physics-GAT architecture. Because raw PR-AUC baselines vary with 
tool-specific defect prevalence rates (≈0.015), normalized metric representations demonstrate why partial ROC–AUC (pAUCFPR≤0.2) provides a more standardized 
evaluation baseline across distinct tool fleets.
tools except for EBR53. This anomaly likely stems from the fact that 
EBR53 possesses a significantly higher fail rate than its counterparts, 
providing a richer density of ‘‘fail’’ samples that allows the TAB models 
more room for optimization and improvement. Ultimately, while these 
architectures are designed for tabular data, the binary nature of the 
wafer pass/fail problem and the class imbalance inherent in most tools 
means they do not consistently provide a ‘‘silver bullet’’ solution over 
optimized gradient boosting, though TabR shows the most promise of 
the two.

The statistical significance of these performance gains is further 
clarified by the 𝑝-value comparisons of the single-tool TabM and TabR 
models against the LightGBM baseline under the respective one-sided 
Wilcoxon signed-rank test hypotheses in Fig.  15. When utilizing single-
tool training, we can only be certain about the statistically supported 
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improvements on the EBR53 tool. For TabR, the improvement over the 
baseline is statistically significant on EBR53 in terms of ROC–AUC (𝑝 <
0.05). For TabM, the improvement on EBR53 is statistically supported 
in terms of both ROC–AUC and the constrained TPR metric (𝑝 < 0.05). 
The lack of significant movement on other tools, particularly on EBR54, 
is noteworthy. After looking into the data itself, we found that because 
EBR54 possesses a relatively low variety in terms of recipe types and 
process categories, the underlying data distribution is less complex. In 
such scenarios, the LightGBM baseline is already highly efficient at 
capturing the available signal, making it exceptionally difficult for a 
more complex deep learning model like TabM or TabR to provide a 
meaningful performance surplus. This suggests that while pooled train-
ing can help deep models overcome data scarcity, the ultimate ceiling 
of single-tool tabular deep learning models remains heavily constrained 



C.-P. Lin et al. Digital Chemical Engineering 20 (2026) 100337 
Fig. 13. Comparison based on AUC values between single-tool TabM, TabR and the LightGBM configuration for each target tool. Error bars denote the reported 
95% confidence intervals. Tab model has better performance on data with higher fail rate like EBR53.
Fig. 14. Comparison based on TPR values between single-tool TabM, TabR and the LightGBM configuration for each target tool. Error bars denote the reported 
95% confidence intervals. Tab model has better performance on data with higher fail rate like EBR53.
by the inherent operational diversity and failure mechanisms of the 
specific tool in question.

Regarding the evaluation of the hybrid TabM-LightGBM model 
in Figs.  16 and 17, the ROC–AUC performance of almost all tools 
surpasses that of the standalone single-tool TabM model, with the sole 
exception of EBR53. For EBR53, both the single and hybrid TabM 
configurations outperform the LightGBM baseline, whereas for all other 
tools, neither setup is able to exceed the baseline. Notably, EBR53 
consistently outperforms the LightGBM baseline on the ROC–AUC score 
across most model variations. This unique behavior is likely due to the 
failure rate distribution across the fleet: although all tools exhibit very 
18 
low failure rates, EBR53 has the largest failure rate (almost twice that 
of the other machines), which provides a larger optimization window 
and more room for performance improvement. When analyzing the 
constrained TPR metric of the hybrid TabM model, most tools (except 
for EBR54) fail to outperform the standalone single-tool TabM. This 
outcome is likely explained by the fact that the baseline TPR of EBR54 
on the single TabM model is the lowest among all evaluated tools, 
making it the easiest target to outperform. Furthermore, both EBR53 
and EBR55 in the hybrid TabM configuration successfully outperform 
the standalone LightGBM baseline, even though they do not exceed the 
performance of their standalone single-tool TabM counterparts.
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Fig. 15. One-sided Wilcoxon signed-rank test results for the hypotheses that the single-tool TabM and TabR outperforms the single-tool LightGBM benchmark 
in ROC–AUC and in TPR under FPR ≤ 0.2. Bars above the dashed line correspond to 𝑝 < 0.05. We can only be certain about TabR outperforming LightGBM for 
EBR53 in terms of AUC and TabM in terms of both AUC and TPR.
Fig. 16. Comparison based on AUC values between single-tool TabM, Hybrid TabM and the LightGBM configuration for each target tool. Error bars denote the 
reported 95% confidence intervals. TAB model has better performance on data with higher fail rate like EBR53.
The evaluation of the hybrid TabR-LightGBM model reveals a highly 
similar trend to the hybrid TabM model, with the primary difference 
occurring in the TPR of EBR54 in Figs.  18 and 19. In this case, the 
TPR of the hybrid TabR model on EBR54 does not yield a significant 
improvement compared to the standalone single-tool TabR. This lack 
of performance gain is suspected to stem from the high noise levels 
inherent to this specific tool. Compounding representation noise in a 
hybrid tree framework can be counterproductive, particularly for a 
tool like EBR54 that already possesses the largest quantity of useful, 
high-quality features among all tools in the fleet, thereby rendering 
additional feature stacking less effective. Table  4 summarizes the re-
sults of each model evaluated in this work with the emphasis on the 
advantages and disadvantages. Based on the findings reported on Table 
19 
4, the following recommendations can be considered in applying the 
evaluated methods and models with respect to tool data processing, 
size, failure history and operational regime complexity:

• Analyze Model Generalization and Probability Calibration:
Evaluate empirical learning and loss curves immediately follow-
ing baseline execution to diagnose high bias (underfitting), high 
variance (overfitting), or severe miscalibration (prognostic over-
confidence). These diagnostics identify precisely where to in-
ject targeted data preprocessing, particularly when high post-
preprocessing noise requires auditing whether the available fail-
ure density provides a sufficient signal-to-noise ratio for effective 
learning.
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Fig. 17. Comparison based on TPR values between single-tool TabM, Hybrid TabM and the LightGBM configuration for each target tool. Error bars denote the 
reported 95% confidence intervals. TAB model has better performance on data with higher fail rate like EBR53.
 
• Transition Data-Scarce Tools to Multi-Tool and Cross-Machine
Graph Architectures: Utilize physics-structured graph networks 
and multi-source representation learning to pool cross-tool data 
and distinct process backbones, which stabilizes volatile stan-
dalone metrics and improves performance ceilings for tools with 
low failure rates and limited data.

• Deploy Retrieval-Augmented Tabular Models on High-Infor-
med, High-Failure Regimes: Leverage nearest-neighbor retrieval 
mechanisms on tools with richer failure histories to explicitly 
exploit recurring historical signatures and expand feature variety.

• Implement Context-Aware Gating and Hybrid Tree-Neural 
Frameworks for Complex Regimes: Route complex or noise-
prone operations through dynamic, context-dependent routing 
rules rather than rigid model averaging, and use frozen deep neu-
ral representations to train gradient-boosted decision tree heads.

7.5. Context-aware gated ensemble and meta-learner performance

Finally, we evaluate the performance of the context-aware gated 
ensemble (the meta-learner), which dynamically weights predictions 
from the LightGBM, TabM, and TabR base models. The comparisons 
between the standalone LightGBM baseline and the gated meta-learner 
in terms of both ROC–AUC and TPR are illustrated in Figs.  20 and 21. 
However, the computational cost of the context-aware gated ensemble 
is exceptionally high because the gating network must dynamically 
calculate weights for each constituent model within the ensemble for 
every individual run. Consequently, to manage this heavy overhead, we 
restricted our meta-learner experiments to a single seed per tool, rather 
than the ten random seeds evaluated for the standalone tabular models.

Similar to the trends observed in the standalone TabM and TabR 
hybrid configurations, the meta-learner does not yield systemic per-
formance improvements over the pure LightGBM baseline for most 
tools, with the sole exception of EBR53. For EBR53, the meta-learner 
successfully improves predictive performance over the baseline, ben-
efiting from the fact that EBR53 possesses the highest failure density 
across the entire fleet and thus provides sufficient signal for multi-
model optimization. Conversely, EBR54 is highly sensitive to model 
variations and experiences the most severe degradation in both ROC–
AUC and constrained TPR when processed through the meta-learner. 
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This performance drop is consistent with the standalone TabM and 
TabR behavior, and is largely driven by the intrinsic attention/gating 
mechanism of the meta-learner, which distributes model reliance across 
three distinct architectures whose individual tabular predictions may 
carry conflicting representation noise on a tool with low operational 
variety. These results are highly consistent with our previous findings 
which the deep tabular architectures (TabM and TabR) fail to con-
sistently outperform the optimized LightGBM baseline in standalone 
single-tool settings, combining them via a gated meta-learner does 
not produce a stronger decision boundary than the pure, unmixed 
LightGBM baseline for the majority of tools.

8. Conclusion

This work developed and evaluated a physics-structured graph at-
tention network (Physics-GAT) framework for pass/fail prediction in 
semiconductor manufacturing using real industrial tool data. Starting 
from AI-ready preprocessing and physics-informed feature generation, 
we established LightGBM as a strong benchmark model and then in-
troduced a graph-based architecture that organizes sensor statistics 
according to physically meaningful tool subsystems while incorpo-
rating categorical production context through learned embeddings. 
The proposed framework was evaluated in both single-tool and multi-
tool training settings under a temporally separated test protocol, with 
repeated random train/validation splits to provide statistically more 
reliable mean performance and confidence intervals. In addition to the 
Physics-GAT, this work also evaluated TabM and TabR as modern tab-
ular deep-learning benchmarks and introduced a context-aware gated 
ensemble framework for combining complementary predictions from 
LightGBM, TabM, and TabR.

The results demonstrate that LightGBM remains a highly competi-
tive benchmark, especially in the single-tool setting, but the proposed 
Physics-GAT demonstrates clear potential when richer structural in-
formation is exploited. In particular, the graph model demonstrated 
stronger advantages in the dual-tool setting, indicating that subsystem-
level relational learning becomes more effective when additional cross-
tool data are available. This suggests that the proposed method is able 
to capture transferable physical interactions that are not fully repre-
sented by flattened tabular features alone. In addition to predictive 
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Fig. 18. Comparison based on AUC values between single-tool TabR, Hybrid TabR and the LightGBM configuration for each target tool. Error bars denote the 
reported 95% confidence intervals. Tab model has better performance on data with higher fail rate like EBR53.
Fig. 19. Comparison based on TPR values between single-tool TabR, Hybrid TabR and the LightGBM configuration for each target tool. Error bars denote the 
reported 95% confidence intervals. Tab model has better performance on data with higher fail rate like EBR53.
performance, the Physics-GAT provides a natural pathway toward im-
proved interpretability through within-group attention, subsystem-level 
aggregation, and cross-group interaction analysis, which are valuable 
properties for industrial fault analysis and engineering diagnosis.

The TabM and TabR results provide an additional perspective on the 
role of modern deep learning for tabular semiconductor manufacturing 
data. Across most EBR tools, LightGBM remains stronger than the spe-
cialized tabular neural models, demonstrating that optimized gradient 
boosting is still difficult to replace under severe class imbalance and 
limited failure samples. However, TabR generally outperforms TabM 
in the constrained low-FPR operating metric, suggesting that retrieval-
augmented prediction can extract useful local historical similarity from 
the processed tabular feature space. EBR53 is the main exception where 
both TabM and TabR exhibit better performance than the LightGBM 
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benchmark, likely because the higher failure rate provides more in-
formative abnormal examples for neural tabular optimization. The 
dual-tool TabM results also indicate that pooled training can improve 
the TPR of neural tabular models for most tools, although the im-
provements are not universal; in particular, the limited gains on EBR54 
suggest that when recipe and process-category variety is low, LightGBM 
may already capture most of the available signal.

At the current stage, this work should be viewed as a strong proof-
of-concept rather than a final deployment-ready system. Future work 
should include further improvement of the graph architecture, broader 
hyperparameter and structure optimization, and additional analysis 
of when and why multi-tool aggregation is beneficial. A particularly 
important next step is to evaluate the interpretability outputs in a 
real industrial setting and determine whether the learned group-level 
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Table 4
Summary of investigated models and results.
 Model Model Class/Category Key findings/Operational outcomes  
 Feedforward Neural Network (FNN) Classical Deep Learning Occasionally produces a better global ranking 

score (ROC-AUC) on individual tools (e.g., EBR53), 
but underperforms LightGBM in the strictly 
constrained low-FPR fault-detection regime.

 

 LightGBM Gradient Boosting Decision 
Tree (GBDT)

Proved to be the most reliable baseline globally, 
significantly outperforming FNNs in the low-FPR 
region. However, standalone performance falls 
short of the ≥ 80% TPR industrial deployment 
threshold under severe class imbalance. Multi-tool 
aggregation significantly lifts this performance 
ceiling, though the gains remain highly 
dataset-dependent

 

 Physics-GAT Physics-Structured Graph 
Attention Network

Most effective in the multi-tool (dual-tool) regime, 
where it leverages additional data to stabilize 
subsystem relational patterns and significantly 
outperforms dual-tool LightGBM in constrained 
TPR on several tools (EBR52, EBR53, EBR55). It 
also provides unique diagnostic interpretability via 
internal attention pooling weights.

 

 Cross-Machine GNN Metahead Multi-Source Representation 
Learning

Successfully maps distinct process steps (polishing 
and dry-etching) to successfully outperform the 
LightGBM baseline in ROC–AUC on tools with 
adequate dataset size or manageable noise levels 
(EBR52, EBR53). It also drastically stabilizes the 
highly volatile standalone metrics of data-scarce 
tools (EBR55).

 

 TabM Tabular Deep Learning 
(Ensemble-style)

Generally falls short of optimized gradient 
boosting under severe class imbalance and limited 
failure densities, except on the tool with the 
richest failure rate (EBR53), where its 
parameter-efficient neural ensemble yields 
statistically significant improvements in both 
ROC–AUC and constrained TPR over LightGBM.

 

 TabR Tabular Deep Learning 
(Retrieval-augmented)

Consistently outperforms TabM in constrained TPR 
values because its nearest-neighbor retrieval 
mechanism exploits recurring historical failure 
signatures. Like TabM, it strictly beats LightGBM 
on the high-failure tool (EBR53), but remains 
capped on tools with low operational and recipe 
diversity (EBR54).

 

 Hybrid Neural-Tree Framework Hybrid Representation 
Learning

Successfully beats standalone TabM/TabR 
configurations across almost all tools by using 
frozen deep neural representations to expand 
feature variety. However, it became detrimental on 
specific tools (like EBR54) where compounding 
representation noise on a tool with high baseline 
noise levels degrades performance.

 

 Context-Aware Gated Ensemble Instance-Level Mixture of 
Experts

Successfully demonstrates that utilizing dynamic, 
context-dependent routing rules handles severe 
data constraints better than rigid uniform model 
averaging, allowing engineers to interpret average 
model reliance across changing recipe regimes.

 

22 



C.-P. Lin et al. Digital Chemical Engineering 20 (2026) 100337 
Fig. 20. Comparison based on AUC values between single-tool Meta-Learner and the LightGBM configuration for each target tool. Error bars denote the reported 
95% confidence intervals. Meta-Learner model has better performance on data with higher fail rate like EBR53.
Fig. 21. Comparison based on TPR values between single-tool Meta-Learner and the LightGBM configuration for each target tool. Error bars denote the reported 
95% confidence intervals. Meta-Learner model has better performance on data with higher fail rate like EBR53.
and sensor-level importance patterns provide actionable references for 
process engineers. Because no dedicated fault-history dataset is cur-
rently available, the explainability component cannot yet be directly 
validated against known root-cause records; however, this remains a 
promising direction for future industrial study. For the tabular models, 
future work should further investigate when retrieval-augmented learn-
ing is beneficial, how the retrieved neighbors from TabR can support 
engineering diagnosis, and how context-aware gated ensembles can 
combine LightGBM, TabM, and TabR more effectively across different 
tool, recipe, and process regimes.

Another important direction is to test robustness more rigorously 
through rolling temporal evaluation over multiple time windows before 
shadow testing in the real manufacturing environment. Such exper-
iments would better reflect process drift, maintenance effects, and 
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changing operating conditions over time. Combined with future indus-
trial validation of the explainability outputs and further evaluation of 
complementary tabular neural models, these efforts can further clar-
ify the practical value of physics-structured graph learning, retrieval-
augmented tabular learning, and context-aware ensemble modeling 
for semiconductor manufacturing monitoring, soft sensing, and fault-
detection support.
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