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Fig. 11. Results comparison of exercise relationship with EKPT and KPT in all datasets.

v Zhenya Huang, Qi Liu, Le Wu, Keli Xiao, Enhong Chen, Learning or Forgetting? A Dynamic Approach for
Tracking the Knowledge Proficiency of Students, (ACM TOIS), 2020
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Fig. 1. The popularity of different items in which each item is presented in
the Flickr dataset [25]. The horizontal axis denotes the index of items,
and the vertical axis indicates the frequency of being interested.

v' Li, Jingjing, et al. On both cold-start and long-tail recommendation with social data. TKDE 2019
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(Tour style-Cuiture & History, Wildlife & Nature), & days, {rom $/260. 00
) 3 This eastern travel experiences the biggest, boldest and brightest of American
Niagara Falls Discovery destinations. From New York City, Niagara to Cambridge and Washington DC
Experience American life in full and gain perspective among giant monuments,
\ stunning skyscrapers, fascinating history and spectacular natural wonders. Day 1
New York: Enter a neon jungle at Times square, find a quiet corner in Central Park
or watch the sunset from atop the Empire State Building. Days 2-3 Washington
m DC: See all the big names - the White House, the Lincoln Memorial, Washington
Monument and Capitol Hill. Day 4 Finger Lakes: Finger Lakes, go swimming or
hiking. Day 5 Niagara Falls: Niagara Falls is a favorite for lovers and lovers of
New York nature alike. Days 6-7 Boston: Retrace the nation's revolutionary past by walking
the Freedom Trail, or visit bustling North End for Italian feasts. Day 8 New York:
Continue to buzzing New York and travel to Coney Island, the Met or see a
Broadway show.
Accommodation: Multishare hostels/cabins. Size: 13 travelers per group. What to
budget: Allow USD $160 for meals not included.........

Figure 1.  An example of the travel package document, where the
landscapes are represented by the words in red.

v Qi Liu, Enhong Chen, Hui Xiong, Yong Ge, Zhongmou Li, Xiang Wu, A Cocktail Approach for
Travel Package Recommendation, TKDE 2014
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