








Datasets min sup FI FCI FG NBd(FG) PBd(FG) FG∞ NBd(FG∞) PBd(FG∞)

accidents 10% 10691550 9958684 9958684 134282 851 532458 77227 142391

accidents 30% 149546 149530 149530 5096 1 24650 4596 5415

BMS-POS 0.03% 1939308 1761608 1761611 1711467 57404 1466347 1690535 160690

BMS-POS 0.1% 122450 122370 122370 236912* 68 117520 236743* 906

BMS-WebView-1 0.05% 485490182335 127132 485327 315526 460523 284640 282031 549252

BMS-WebView-1 0.1% 3992 3975 3979 66629* 12 3971 66629* 19

BMS-WebView-2 0.005% 60193074 1196296 1929791 8305673 599909 1071556 8201293 813152

BMS-WebView-2 0.05% 114217 77530 79345 1743508* 1887 39314 1740476* 7646

chess 20% 289154814 22808625 25031186 705394 838 24769 6749 12517

chess 45% 2832778 705111 716948 27396 88 3347 1275 1882
connect-4 10% 58062343952 8035412 8035412 175990 146 19494 8388 9676

connect-4 35% 667235248 328345 328345 11073 95 1137 645 1388

mushroom 0.1% 1727758092 147905 323432 78437 20035 118475 42354 30400

mushroom 1% 90751402 51640 103377 40063 10690 35007 22251 15926

pumsb 50% 165903541 7121265 22402412 1052671 45 29670 6556 20396

pumsb 75% 672391 101048 248299 24937 20 3410 2739 2332

pumsb star 5% 4067591731305 9370737 29557940 567690 52947 1686082 247841 558253

pumsb star 20% 7122280454 122202 253107 14638 1625 39051 12327 13316

retail 0.005% 1506776 504143 532343 64914318* 110918 500814 64909090* 133658

retail 0.01% 240853 189078 191266 40565727* 13877 184965 40564812* 18557

T10I4D100k 0.005% 1923260 769778 994903 24669957* 374562 978510 24669812* 384667

T10I4D100k 0.05% 52623 46315 46751 678244* 1257 38566 678180* 5093

T40I10D100k 1% 65237 65237 65237 521359* 0 33883 510861* 7372

Bold: The lossless representation is not really concise, for example, ‖FG ∪ NBd(FG)‖ > ‖FI‖ or ‖FG∞ ∪ NBd(FG∞)‖ > ‖FI‖
* : ‖NBd(FG)‖ > ‖FI‖.

Table 3: Size comparison between different representations

5.2 Mining time

The second experiment is to study the efficiency of
the GrGrowth algorithm. We compare the GrGrowth
algorithm with two algorithms. One is the FPClose al-
gorithm [8], which is one of the state-of-the-art frequent
closed itemset mining algorithms. The other is a level-
wise algorithm for mining frequent generators and pos-
itive borders, which is implemented based on Christian
Borgelt’s implementation of the Apriori algorithm. The
GrGrowth algorithm outperforms the other two algo-
rithms consistently. In particular, it is usually one or
two orders of magnitude faster than the level-wise algo-
rithm for the same task of mining frequent generators
and positive borders.
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