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i " ......................... recommendation are often limited and sparse.
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semantic relations between items,

Figure 1: Alice’s hierarchical preference dynamics through
a sequence of purchased items. Alice’s low-level preference
indicated by item ID changes sharply while her high-level
preference indicated by category changes smoothly.

In this paper, the author proposed a novel
hierarchical preference modeling framework to
substantially model the complex low- and high-
level preference dynamics.
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Dataset |Metric  |FPMC GRU4Rec Caser SASRec TiSASRec SLRS+ Chorus DIF CL4Rec S3Rec ContraRec DuoRec KDA | HPM |Improv.

HR@5 0.3392 03202 03210 03666 03872 0.4339 0.4536 04102 03754 03812 0.4012 0.4123 0.4921(0.5141% | 4.78%

HR@10 0.4290 0.4311 0.4345 04590 0.4559 0.5337 0.5698 0.5209 0.4660 0.4810 0.4962 0.5039 0.6076 (0.6298" | 3.65%

HR@20 0.5393 05693 0.5757 0.5743 05700 0.6361 0.6838 0.6421 0.5830 0.6057 0.6065 0.6131 0.7221|0.7424* | 2.81%

Beauty HR@50 0.7511 0.7973 0.8097 0.7756 0.7745 0.8033 0.8536 0.8284 0.8013 0.8146 0.8530 0.8033 0.8853(0.8961" | 1.22%
NDCG@5 |0.2558 0.2271 0.2246 0.2797 0.2904 0.3319 0.3386 0.3016 0.2842 0.3073 0.3406 0.3158 0.3666|0.3864" | 5.40%
NDCG@10|0.2848 0.2628 0.2612 03094 03036 0.3642 0.3762 0.3374 0.3134 0.3379 0.3784 0.3454 0.4040(0.4239" | 4.93%
NDCG@20|0.3125 0.2976 0.2967 0.3385 0.3324 0.3900 0.4050 0.3679 0.3429 0.3657 0.4058 0.3729 0.4329(0.4524" | 4.50%
NDCG@50(0.3542 0.3426 0.3430 0.3782  0.3728 0.4232 0.4386 0.4048 0.3859 0.4041 0.4397 0.4104 0.4653|0.4830" | 3.80%

HR@5 0.2020 0.2142 0.2269 0.2301 0.2722 0.3029 0.3826 0.2977 0.2600 0.2787 0.3798 0.2781 0.3863|0.4526" | 17.16%

HR@10 0.2834 03142 03354 03571 03808 0.3904 0.4916 0.4068 03693 0.3797 0.4891 0.3799 0.4991|0.5748" | 15.17%

HR@20 0.4014 04517 0.4892 05097 05142 05004 0.6141 0.5403 0.5161 0.5166 0.6094 0.5155 0.6270(0.7064" | 12.66%

Clothing HR@50 0.6553 0.7143 0.7531 0.7453 0.7405 0.6948 0.8046 0.7600 0.7839 0.7665 0.8028 0.7650 0.8317|0.8803" | 5.84%
NDCG@5 |0.1442 0.1461 0.1548 0.1642  0.1927 0.2329 0.2840 0.2130 0.1854 0.2016 0.2840 0.2012 0.2880(0.3387* | 17.61%
NDCG@10(0.1703 0.1783 0.1897 0.1946 0.2278 0.2611 0.3192 0.2481 0.2206 0.2341 0.3193 0.2339 0.3244|0.3781" | 16.55%
NDCG@20|0.2000 0.2130 0.2284 0.2349 0.2613 0.2888 0.3501 0.2817 0.2576 0.2686 0.3496 0.2680 0.3567(0.4114" | 15.34%
NDCG@50(0.2499 0.2647 0.2807 0.2923 0.3060 0.3271 0.3878 03252 0.3103 0.3179 03879  0.3172 0.3973|0.4460" | 12.26%

HR@5 0.3260 03015 03145 03414 03475 0.3900 0.4544 03945 03719 03960 0.4544 0.3948 0.4672|0.4984" | 6.68%

HR@10 0.4373 04301 04423 04566 04608 0.4827 0.5823 0.5197 0.5035 0.5160 0.5823 0.5151 0.6021|0.6306" | 4.73%

HR@20 0.5748 05918 0.6039 0.5943 0.6003 0.5961 0.7162 0.6612 0.6555 0.6567 0.7162 0.6553 0.7392|0.7638" | 3.33%

Sporis HR@50 0.8070 0.8412 0.8496 0.8096 0.8131 0.7784 0.8855 0.8575 0.8652 0.8619 0.8855 0.8631 0.9042(0.9198" | 1.72%
NDCG@5 |0.2381 0.2085 0.2175 0.2494 0.2535 0.3013 0.3354 0.2852 0.2681 0.2906 0.3354 0.2894 0.3402(0.3708" | 8.25%
NDCG@10|0.2740 0.2498 0.2588 0.2866 0.2901 0.3311 03767 0.3257 0.3106 0.3294 0.3767 0.3282 0.3838|0.4136" | 8.99%
NDCG@20(0.3086 0.2905 0.2995 03214 0.3253 0.3597 0.4106 0.3615 0.3489 0.3648 0.4106 0.3636 0.4185/0.4474" | 6.91%
NDCG@50|0.3546 0.3400 0.3484 03641 03675 0.3957 0.4443 0.4005 0.3907 0.4056 0.4443 0.4049 0.4515/0.4785" | 5.98%
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HR@5 0.4003 03015 0.3937 04439 04520 0.4696 0.4697 0.4718 0.4085 04505 04829  0.4745 0.5497|0.5835" | 6.15%
HR@10 0.5098 0.4301 0.5309 05595 05767 0.5641 0.5929 0.5951 0.5415 0.5819 0.59%4 0.5920 0.6745|0.7050* | 4.52%
HR@20 0.6321 0.5918 0.6810 0.6817 0.7022 0.6637 0.7152 0.7157 0.6861 0.7147 0.7211 0.7151 0.7923|0.8225"* | 3.81%
HR@50 0.8277 0.8412 0.8849 08676 0.8708 0.8172 0.8695 0.8749 0.8825 0.8880 0.8831 0.8792 0.9263(0.9428" | 1.78%
NDCG@5 (0.3027 0.2085 0.2800 0.3353 03344 0.3634 0.3530 0.3526 0.2967 0.3287 0.3673 0.3602 0.4119/0.4487" | 8.76%
NDCG@10{0.3381 0.2498 0.3243 0.3727 0.3748 0.3939 0.3929 0.3925 0.3396 0.3712 0.4050 0.3983 0.4523|0.4882" | 7.94%
NDCG@20(0.3690 0.2905 0.3622 0.4036 0.4065 0.4191 0.4238 0.4230 0.3761 0.4047 0.4358 0.4294 0.4821|0.5179*| 7.43%
NDCG@50(0.4077 0.3400 0.4028 0.4370 0.4401 0.4495 0.4545 0.4548 0.4152 0.4393 0.4681 0.4620 0.5089(0.5419" | 6.48%

Cellphone

HR@5 0.3373 0.2902 0.2898 0.3602 0.3475 0.4368 0.4124 0.3843 0.3627 0.3759 0.4015 0.4001 0.48050.4927" | 2.54%
HR@10 0.4233 0.4060 0.4103 04570 0.4608 0.5345 0.5203 0.4924 0.4643 0.4731 0.4958 0.4953 0.5882(0.6039" | 2.67%
HR@20 0.5283 0.5546 0.5590 0.5700 0.6003 0.6440 0.6443 0.6149 0.5900 0.5972 0.6181 0.6164 0.7019(0.7211" | 2.74%
HR@50 0.7482 08067 0.8107 0.7789 0.8131 0.8012 0.8277 0.8178 0.8208 0.8101 0.8256 0.8244 0.8772|0.8922* | 1.71%

Toys NDCG@5 |0.2583 0.1974 0.1947 0.2738 0.2535 0.3490 0.3132 0.2829 0.2630 0.2811 0.3067  0.3046 0.3660(0.3807" | 4.02%
NDCG@10(0.2860 0.2348 0.2336 0.3050 0.2901 0.3804 0.3480 0.3178 0.2957 0.3124 0.3371 0.3355 0.4007|0.4166" | 3.97%
NDCG@20|0.3124 0.2721 0.2710 0.3334 0.3253 0.4081 0.3793 0.3488 0.3273 0.3437 0.3679  0.3660 0.4294|0.4462" | 3.91%
NDCG@50(0.3556 0.3220 0.3207 0.3747 03675 0.4392 0.4156 0.3890 0.3707 0.3858 0.4089  0.4071 0.4642|0.4803"| 3.47%
HR@5 0.3618 0.3737 03145 03925 0.4069 0.4378 0.4513 0.4301 0.3669 0.4029 0.4268  0.4269 0.5168|0.5432°| 5.11%
HR@10 0.4419 04793 0.4423 04801 05232 0.5523 0.5818 0.5376 0.4624 05051 0.5132  0.5127 0.6314|0.6476" | 2.57%
HR@20 0.5432 0.6013 0.6039 0.5822 0.6350 0.6517 0.6956 0.6465 0.5737 0.6260 0.6170  0.6213 0.7401|0.7514" | 1.53%

Grocery HR@50 0.7511 0.8245 0.8496 0.7709 0.8217 0.7995 0.8576 0.8273 0.7964 0.8202 0.8157  0.8190 0.8901|0.8999"| 1.10%

NDCG@5 |0.2816 0.2684 0.2175 0.2941 0.2906 0.3266 0.3223 0.3122 0.2702 0.2969 0.3291 0.3293 0.3892|0.4088" | 5.04%
NDCG@10{0.3073 0.3024 0.2588 0.3231 0.3283 0.3637 0.3647 0.3470 0.2992 0.3299 0.3571 0.3570 0.4264(0.4428" | 3.85%
NDCG@20(0.3328 0.3331 0.2995 0.3488 0.3565 0.3888 0.3934 0.3745 0.3286 0.3604 0.3831 0.3844 0.4539/0.4689" | 3.30%
NDCG@50(0.3737 0.3772 0.3484 0.3861 0.3934 0.4180 0.4256 0.4104 0.3745 0.3988 04224  0.4235 0.4838|0.4985" | 3.04%
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Figure 5: Parameter setting’s effect on the model perfor-
mance. (HR@5 and NDCG@5) on Amazon Cellphone dataset.



	幻灯片 1
	幻灯片 2: Introduction
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8: Experiments
	幻灯片 9: Experiments
	幻灯片 10: Experiments

