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All random seeds (PyTorch, NumPy, Python random) were fixed at 42 to ensure full reproducibility.
Fine-tuning was performed for three epochs using AdamW optimiser and the following hyperparame

ters: learning rate 2 ⋅ 10–5 (linear scheduler with warmup over the first 10 % of steps), batch size 16, weight 
decay 0.01, gradient clipping 1.0.

Cross-entropy loss was used as the loss function, which is minimised during training to predict the Is_Good 
labels:
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where N is the number of samples; yi is the ground-truth label; yi is the predicted probability of the positive class.
Model architecture. The fine-tuned model consists of the pre-trained DistilBERT encoder (6 transformer 

layers: hidden size 768, 12 attention heads) followed by a binary classification head: a dropout layer ( p = 0.1) 
and a fully connected layer with softmax activation (fig. 1).

Fig. 1. Architectural comparison of BERT and DistilBERT

Each transformer layer includes the standard components: multi-head self-attention, multi-layer perceptron, 
layer normalisation and residual connections.

Compared with BERT-base (12 transformer layers, 110 mln parameters), DistilBERT retains approximately 
96 % of the original performance while being 40 % smaller and 45 % faster in inference.

The predictive layer is a fully connected layer with one neuron and a softmax activation function, which 
makes the final decision on the evaluation of the decision made by the manager.

Interpretability via post-processing. After inference, predictions were enriched through deterministic 
post-processing:

  • if Is_Good = 1, then the corresponding Scores dictionary is returned, highlighting two demonstrated 
competencies with high scores (3 –5 points) from the universal competency framework (e. g., “{‘Инициатива 
и ответственность’: 4, ‘Планирование и организация’: 5}”);

  • if Is_Good = 0, then the corresponding Red_Flags dictionary is returned, highlighting two critical 
shortcomings with high severity scores (3 –5 points) from the red flags taxonomy (e. g., “{‘Бездействие 
и перекладывание ответственности’: 4, ‘Игнорирование жалоб граждан’: 3}”).

Thus, this rule-based post-processing layer transforms raw probabilistic outputs into immediately actionable, 
human-readable competency profiles and personalised development recommendations, significantly enhancing 
practical utility and interpretability of the system.

The classification head consists of a single linear layer applied to the [CLS] token representation, followed 
by softmax activation. This produces probabilities for the two classes (Is_Good = 1 “good decision”; 
Is_Good = 0 “poor decision”). 


