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Tradeoff: Properties vs. Expressiveness
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Structure learning
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Are PSDDs amenable to
tractable learning
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Search for Structure (LearnPSDD)
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Future Work (MergePSDD)
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LEARNPSDD, merged L-SPN and merged O-SPN.
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Table 1: Comparison among LEARNPSDD, EM-LEARNPSDD, SearchSPN, merged L-SPN and merged O-SPN in
terms of performance (log-likelihood) and model size (number of parameters). Sizes for SearchSPN are not reported
in the original paper. We use the following notation: (1) LL: Average test-set log-likelihood; (2) Size: Number of
parameters in the learned model; (3) T denotes a better LL. between LEARNPSDD and SearchSPN; (4) * denotes
a better LL between LEARNPSDD and EM-LEARNPSDD; (5) Bold likelihoods denote the best L. among EM-

Datasets |Var| |Train| |Valid | | Test| LearnPSDD ‘ EM-LeamPSDQ SearchSPN Merged L-SPH Merged O-SPB'J
LL | Size LL | Size LL LL | Size LL | Size

NLTCS 16 16181 2157 3236 —6.037* 3170 —6.03* 2147 —6.07 —6.04 3988 —6.05 1152
MSNBC 17 291326 38843 | 58265 | —6.05T 8977 —6.04" 3891 —6.06 —6.46 2440 —6.08 9478
KDD 64 1800992 | 19907 | 34955 | —2.167 14974 | —2.12* 9182 —2.16 —2.14 6670 —2.19 16608
Plants 69 17412 2321 3482 —14.93 13129 | —13.79* 13951 —13.12f —12.69 47802 —13.49 36960
Audio 100 15000 2000 3000 —42.53 13765 | —41.98* 9721 —40.13f —40.02 10804 | —42.06 6142
Tester 100 9000 1000 4116 —57.67 11322 | —53.47* 7014 —53.087 —52.97 10002 —55.36 4996
Netflix 100 15000 2000 3000 —58.92 10097 | —58.41* 6250 —56.911 —56.64 11604 | —58.64 6142
Accidents 111 12758 1700 2551 —34.13 10489 | —33.64* 6752 —30.02f —30.01 13322 —30.83 6846
Retail 135 22041 2938 4408 —11.13 4091 —10.81%* 7251 —10.97f —10.87 2162 —10.95 3158
Pumsb-Star 163 12262 1635 2452 —34.11 10489 | —33.67* 7965 —28.697 —24.11 17604 | —24.34 18338
DNA 180 1600 400 1186 —89.11* 6068 —92.67 14864 | —81.767 —85.51 4320 —87.49 1430
Kosarek 190 33375 4450 6675 —10.991 11034 | —10.81* 10179 | —11.00 —10.62 5318 —10.98 6712
MSWeb 294 29441 32750 5000 —10.18% 11389 | —9.97* 14512 | —10.25 —9.90 16484 | —10.06 12770
Book 500 8700 1159 1739 —35.90 15197 | —34.97* 11292 | —34.91% —34.76 11998 —37.44 11916
EachMovie 500 4524 1002 591 —56.43* 12483 | —58.01 16074 | —53.28f —52.07 15998 —58.05 19846
WebKB 839 2803 558 838 —163.42 10033 | —161.09* 18431 —157.887 —153.55 | 20134 | —161.17 | 10046
Reuters-52 889 6532 1028 1530 —94.94 10585 | —89.61* 9546 —86.381 —83.90 46232 —87.49 28334
20NewsGrp. 910 11293 3764 3764 —161.41 12222 | —161.09* 18431 —153.631 —154.67 | 43684 | —161.46 | 29016
BBC 1058 1670 225 330 —260.83 10585 | —253.19* 20327 | —252.137 —253.45 21160 —260.59 8454
AD 1556 2461 327 491 —30.49* 9666 —31.78 9521 —16.971 —16.77 49790 —15.39 31070
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Merging Without Performance Loss (Future Work)
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