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Generalized Category Discovery o
limitation

L-abeled Data ® \Vithout considering differences between known and
O N _ novel categories, current methods learn about them in a
O A coupled manner, which can hurt model’'s generalization
(x!, v} and discriminative ability.

® the coupled training approach prevents these models
Unlabeled Data transferring category-specific knowledge explicitly from
© A O labeled data to unlabeled data, which canlose high-level
— semantic information and impair model performance.
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Figure 1: An overview of our model.
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Unsupervised Learning for Novel Categories.
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Dataset Vel [Yul [D7|  |D*]  |D
BANKING 58 19 673 8330 3,080
StackOverflow 15 5 1,350 16,650 1,000
CLINC 113 37 1,344 16,656 2250

Table 1: Statistics of datasets. |Vi|, | V.|, |P'], |D*| and | D*
represent the number of known categories, novel categories,
labeled data, unlabeled data and testing data, respectively.
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Experiments

BANKING StackOverflow CLINC
All Known Novel All Known Novel All Known Novel
DeepCluster 13.95 13.94 13.99 17.37 18.22 1480 2692 2734 2567

Method

DCN 17.85 1894 1435 29.10 2894 2951 29.64 30.00 28.45
DEC 19.30 2036 15.84 1930 2036 1584 1999 20.18 19.40
BERT 2129 2148 2070 16.80 16.67 17.20 3452 3498  33.16

KM-GloVe 29.18  29.11 2939 2840 28.60 28.05 51.64 5174 51.50
AG-GloVe 30,09  29.69 31.29 2923 2849 31.56 4470 4517  43.20

SAE 38.05 3829 3727 6033 5736 69.02 4659 4735 4424
Semi-DC 50.73 5337 4263 6490 66.13 6120 7452 75.60 71.34
CDAC+ 53.09 5542 46.01 76.67 7751 7413 69.75 T70.08 68.77
Self-Labeling 56.19  61.64 3956 71.03 7853 4853 72.69 80.06 49.65
DTC 5656 5998  46.10 7050 8093 5187 7642 8234 5895
DAC 63.63 69.60 4544 70.77 76.13  54.67 8442 89.10 70.59
Semi-KM 66.23 73.62 43.68 73.13 81.02 4947 8142 89.03 59.01
LASKM 67.55 75.16 4434 7483 8200 5333 79.26 89.64 48.66

DPN (Ours) 7296 8093 48.60 84.23 85.29 81.07 89.06 9297 77.54
Improvement  +541  +5.77 +2.50 +7.56 +3.29 +694 +4.64 +3.33  +6.20

Table 2: Model comparison results (%) on testing sets. Average results over 3 runs are reported.



Model All  Known Novel
Ours 84.23  85.29  81.07
w/o Cross Entropy 83.83 85.02  80.26
w/o EMA 82.50 83.87 7840
w/o Decoupling 78.77  78.53 7947
w/o Soft Assignment  75.10 7533  74.40
w/o Semantic Weights 3570  33.73  41.60

Table 3: Results (%) of different model variants.
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Figure 2: Distances between 15 labeled prototypes and 20
aligned unlabeled prototypes. Darker colors represent closer
distances.
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Figure 3: Effect of known category ratio on the BANKING dataset.
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Figure 4: The t-SNE visualizations of embeddings.
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CLINC BANKING StackOverflow

Ground Truth 150 77 20
DAC 130 66 15
Ours 137 67 18
Error 8.7% 13.0% 10.0%

Table 4: Estimation of the number of categories.
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