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ABSTRACT 
 
The semiconductor manufacturing sector produces enormous amounts of textual data that is highly 

imbalanced, non-stationary, and operationally critical. Although transformer-based language 

models achieve strong classification accuracy, their robustness and probability calibration under 

industrial constraints remain insufficiently addressed, particularly in resource-limited deployments. 

This paper proposes LiteFormer, a lightweight and calibrated transformer framework for 

imbalanced industrial text classification. The technique combines a geometry-informed minority 

over-sampling technique with D-SMOTE, imbalance-informed optimization with Focal Loss, and a 

post-hoc temperature scaling method. The technique outperforms standard transformer models on 

a large-scale industrial Root Cause Analysis data set, obtaining higher macro-F1 and significantly 

better Expected Calibration Error, while remaining computationally efficient. The technique 

performs robustly even when faced with temporal and domain shifts. 
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1. INTRODUCTION 
 

Industrial NLP data differs substantially from the curated datasets commonly used in academic 

benchmarks. RCA reports are free text and written by domain experts. For example, in 

semiconductor manufacturing, these reports are heavily skewed towards certain topics and can 

change over time. While rare failure modes are infrequent, they pose the highest risk, and so 

classifying these and providing reliable confidence estimates is critical. 

 

Transformers have revolutionized text classification by leveraging large-scale pre-training and 

self-attention. However, there are two challenges to adapting these models for industry. One is that 

these models require a lot of compute, which can be problematic given latency requirements and 

hardware availability. The other is that these models are prone to miscalibrated probability 

estimates, leading to overconfident predictions that can cause disruptions. 

 

To solve this, we propose a new model, LiteFormer, a well-calibrated transformer-based model for 

industrial RCA text classification with a focus on class imbalance and efficiency. 
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Contributions 
 

• Proposal of LiteFormer, a lightweight transformer framework tailored for 

imbalanced industrial RCA text classification. 

•  

Integration of geometry-aware D-SMOTE oversampling, Focal Loss optimization, 

and temperature scaling calibration in a unified training pipeline. 

•  

Empirical validation on a large-scale industrial dataset demonstrating improved 

macro-F1 and reduced calibration error. 

•  

Robustness analysis under temporal and domain shift conditions. 

 

1.1 Problem Definition and Industrial Context 
 

Let 𝒟 = {(xᵢ, yᵢ)}ᴺᵢ₌₁ denote an RCA corpus, where xᵢ represents a free-text description and yᵢ ∈ 

{1,…,C} denotes the class label. In industrial settings, the class distribution is highly skewed, often 

exceeding imbalance ratios of 50:1. Under such conditions, empirical risk minimization favors 

majority classes and degrades minority detection. 

 

In practice, RCA predictions are consumed as probability scores rather than hard labels. These 

scores support prioritization, alert generation, and resource allocation. Consequently, the quality of 

calibration has a direct influence on the operation trust and system reliability. 

 

2. RELATED WORK 
 

The problem of imbalance in text classification has been addressed in different ways, including 

tweaking the data, tweaking the objective function, and combining both. For example, 

oversampling the minority class using SMOTE and its geometry-aware variants has been used to 

balance extremely skewed datasets [2][3]. 

 

On the other hand, techniques like focal loss have been used to downweight the effect of easy but 

overrepresented examples and encourage learning from hard but underrepresented examples [5].In 

addition, there are new techniques that balance the loss by class, which address the problem of 

long-tailed distributions. This is achieved by weighting the classes based on the effective number 

of samples they have [6]. 

 

Neural networks can be affected by calibration issues, which can be exacerbated by data drift, 

leading to overconfident predictions, especially for safety-critical scenarios [7, 8].Temperature 

scaling is one of the most widely used post-hoc methods to adjust the logits of the model to 

minimize the Expected Calibration Error without modifying the underlying classifier [7]. 

 

Lightweight transformer architectures such as DistilBERT, ELECTRA, and ALBERT aim to 

reduce model size while preserving contextual representation ability [10][11][12]. However, 

previous work typically addresses efficiency, imbalance handling, and probability calibration 

independently rather than within a unified framework. 

 

The general training process of the proposed LiteFormer framework is depicted in Figure 1, which 

incorporates geometry-sensitive D-SMOTE oversampling, focal loss optimization, and post-hoc 

temperature scaling calibration. 
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Figure 1. Training pipeline of the LiteFormer framework. 

 

3. THEORETICAL BACKGROUND 
 

Predicted class probabilities are obtained using the softmax function: 

pᵢc = exp(zᵢc) / Σ exp(zᵢc′) 
 

To address imbalance, Focal Loss is defined as: 

L_focal = − Σ αc (1 − pᵢc)^γ log(pᵢc) 
 

where γ controls focusing strength and αc compensates for class frequency. 
 

Temperature scaling performs calibration by adjusting logits: 

p̂ᵢc = exp(zᵢc / T) / Σ exp(zᵢc′ / T) 
 

Calibration quality is measured using Expected Calibration Error (ECE). 
 

4. METHODOLOGY 
 

LiteFormer is an autosampler which consists of a lightweight transformer backbone with the D-

SMOTE oversampling, Focal Loss optimization, and post-hoc temperature scaling. The training 

split is only oversampled to avoid leakage. The pipeline improves the minority representation and 

ensures efficiency and controlled results. Figure 2 presents the long-tailed class distribution.  
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Figure 2. Long-tailed class distribution of the RCA dataset showing severe imbalance across failure 

categories. 

Figure 3. presents the loss ablation results. 

 

 
 

Figure 3. Loss function ablation results comparing cross-entropy and focal loss. 

 

The training pipeline initially uses D-SMOTE oversampling to generate artificial minority samples 

in the feature space of the training split. The fine-tuning of the lightweight transformer backbone 

augmented with a focal loss is applied to the augmented dataset to reduce the effect of the easily 

classified majority samples and increase the weight of the hard-to-classify minority examples. 

After training, predicted probabilities are calibrated on a validation set using temperature scaling, 

which optimizes a single temperature parameter. This sequential design provides the model with 

the capability of dealing with the issue of class imbalance in the stage of training and generate true-

to-life probability estimations in the inference stage. 

 

5. EXPERIMENTAL SETUP 
 

Experiments are conducted on an industrial RCA dataset containing more than 12,000 incident 

reports with a long-tailed distribution. Stratified and grouped splits are used to prevent leakage. 

Evaluation metrics include macro-F1 and Expected Calibration Error. 

 

6. RESULTS 
 

LiteFormer achieves the highest macro-F1 (0.91) and lowest ECE (4.3%) compared to classical 

and transformer baselines. Performance improvements are especially notable in minority-class 

recall. Robustness experiments under temporal and domain shift demonstrate stable calibration and 

limited performance degradation 

. 
Table 1. Overall results on the dataset. Higher is better for macro-F₁ and macro-AUC; lower is better  

for ECE (%). 
 

Model Macro-F₁ Macro-AUC ECE (%) 

TF–IDF + LR 0.72 0.85 9.7 

CNN 0.83 0.90 9.1 

BiLSTM 0.84 0.91 8.8 

ELECTRA-small 0.88 0.93 7.5 

DistilBERT 0.89 0.94 6.2 

LiteFormer 0.91 0.96 4.3 
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Additional analysis indicates that LiteFormer maintains stable performance across minority classes 

with fewer than 50 training samples. Compared with baseline transformer models, the focal-loss 

objective increases recall for rare classes while the calibration step reduces over-confidence in 

incorrect predictions. This behavior is particularly important in industrial RCA systems where rare 

failures often represent high operational risk. 

 

7. DISCUSSION 
 

Recent research on imbalanced text classification generally follows two main directions. Data-level 

approaches, such as SMOTE and its variants, increase minority class representation through 

synthetic sampling but do not address probability calibration [2][3].  

 

Algorithm-level approaches, such as focal loss, improve model sensitivity to minority classes by 

reweighting difficult examples during training but likewise do not explicitly correct prediction 

calibration [5]. Transformer-based architectures such as DistilBERT and ELECTRA have 

demonstrated strong classification performance while reducing computational cost, yet they lack 

built-in mechanisms for calibrated probability estimation [10][11]. 

  

In contrast, LiteFormer integrates geometry-aware oversampling, imbalance-sensitive 

optimization, and post-hoc probability calibration within a unified framework. The experimental 

results show that the combined framework improves both classification performance and prediction 

reliability compared with methods that address these components separately (macro-F1 = 0.91 and 

ECE = 4.3). 

 

8. CONCLUSION 
 

LiteFormer provides an integrated framework for imbalanced industrial text classification that 

improves discrimination, calibration, and computational efficiency. The approach demonstrates 

practical value for trustworthy decision support in non-stationary industrial environments. 
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