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Our dataset is available at: https://doi.org/10.5281/zenod0.6482586

1. Introduction 2. Data Collection Protocol 3. Corpus Overview
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6. NLU Model Evaluation 7. K-Fold (K=5) Cross Validation on PxSLU

Our model evaluation builds on previous work (Kocabiyikoglu et al., 2019) where we
have presented initial NLU systems trained on artificial and textbook data:
e Baseline CRF model

Fine-tuning Flaubert model using PxSLU (flaubert-base-cased)

e Triangular CRF extension (Jeong et Lee, 2008) K # Micro Average Macro Average
e Bi-RNN with attention (Liu et Lane, 2016) P R F1 P R F1
e Flaubert pre-trained transformer LM (Le et al., 2019) 1 093 | 093 | 093 | 0.79 | 0.75 | 0.75
2 093 | 094 | 094 | 0.76 | 0.80 | 0.77
Intent Micro Avg Macro Avg 3 0.89 | 090 | 090 | 0.54 | 048 | 0.50
Model (acc) P R F1 P R F1 4 092 | 091 | 091 | 0.68 | 0.67 | 0.66
CRF 92% 0.81 0.80 | 0.80 | 0.60 | 0.57 0.56 5 095 | 095 | 095 | 073 | 0.74 | 0.72

Tri-CRF 91% 083 | 082 | 082 | 0.64 | 057 | 0.59
Att-RNN 93% 083 | 0.87 | 0.85 | 055 | 055 | 053

avg | 092 | 092 | 092 | 0.70 | 0.68 | 0.68

Flaubert | 94% | 0.89 | 0.91 | 0.90 | 0.69 | 0.74 | 0.70 SD | 002 | 0.02 | 0.02 | 0.10 | 012 | 010
e Flaubert model gives the best results on both micro and macro averages e Similar performances with model trained with artificial+textbook data
e Other models have comparable performance e Data choice impacts the macro performance and the coverage of slots
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