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Ubuntu 18.04.5 LTS, 25G Memory, Intel Xeon 2.00GHz 4
core CPU, NVIDIA P100 16GB GPU | A <=3§3} it}
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Foursquare H|°]El&= &3} T4 2012 W 4 €
12 455 2013 3 2 € 16 A7bA] 9F 10 L st 5
HE do]E & Check-in $JX] 2 A7, check-in &2
ID 3 F&S Tkl Utk A FES Arts &
Entertainment, College & University, Food, Nightlife Spot,
Outdoors & Recreation, Professional & Other Places,
Residence, Shop & Service, Travel & Transport, Event <]

Z 10 7H49 &9 f¥ow FEYW, FLS

227,428 3|, =5+ 573,703 3]9] check-in O.%2 T/ %
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o] 91T} Gowalla H©JE= 2010 & 11 €5-F 2011
5 97k oF 7 N =R E dHeolH=E A AlAA 4
Z1 2,844,076 712] A 319,063 ] ALEALE
23k 36,001,959 79 check-in &2 FAIF o] o,
T4 9 32 Community, Entertainment, Food, Nightlife,
Outdoors, Shopping, Travel 2] 7 7}#] 2] 319 F o=
TAE o Ao
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olH=ZE wW3kslr] fdl 7t dHoly A9 = % H=
s 54 Az =2 Feta, 7 AxpelA Ak
check-in & & A48l th Gowalla HolEl= A Al
Al Ax o] X Hele] wE vlul AJgS 23]
K-means Clustering &2 2, 5 7|2 o2 1}5o] F
7F Algeksith vl 2dle 7] A el DeepSTN+]
7} 39 158 Data ¥ ¥ 3te] RMSE & AlLFeRal
a, Ak Bde 2 He 7j&gk Edo] HA check-in
£ Global Hl°]H, 3¢ &% UHlo]EE Local &
Yd=3ste] RMSE & At F712 5% 7wk
RMSE #}ol= 55 o= sl

sl 5
T %
H| L 5 g Aot r el RMSE A CIRTASR=]) Aokl RMSE A
Arts & Entertainment 0.0406 0.0384 5.4% 1 0.0147 0.0148 -
College & University 0.0274 0.0269 - 0.0283 0.0283 -
Event 0.0146 0.0146 - 0.0152 0.0152 -
Food 0.0409 0.0384 6.1% 1 0.0205 0.0192 6.4% 1
Nightlife Spot 0.0408 0.0409 - 0.0063 0.0063 -
Outdoors & Recreation 0.01 0.01 - 0.0158 0.0149 5.7% 4
Professional & Other Places 0.036 0.034 5.6% 4 0.0192 0.0182 53% 4
Residence 0.042 0.042 - 0.0253 0.0252 -
Shop & Service 0.0285 0.0255 10.5% 4 0.0191 0.0193 -
Travel & Transport 0.0449 0.0418 6.9% i 0.0166 0.0164 -
(3 1) Foursquare o8] 23 2}
o Global 27 R - ] #1 2N e - Iy #2
U
Hl a5 el | zlokrdl | RMSE A | H] o522 | Alotdl | RMSE A | W] &2 | Alekxd | RMSE A
Community | 0.0056 0.005 | 10.7% 4 | 0.0177 | 0.0153 | 13.6% | | 0.0078 | 0.0078 -
Entertainment|  0.008 0.0075 | 63%{ | 0.0087 | 0.0071 | 18.4% | | 0.0099 0.0073 | 26.3% |
Food 0.0119 | 00107 | 10.1% 4 | 0.0123 | 0.0100 | 18.7% | | 0.0103 0.0093 | 9.7% |
Nightlife 0.0054 0.005 7.4%{ | 0.0088 | 0.0072 | 18.2% | | 0.0053 0.0051 -
Outdoor 0.0097 | 0.0095 - 0.0159 | 0.0146 | 8.2% | | 0.0074 | 0.0040 | 45.9% |
Shopping | 0.0077 | 0.0074 - 0.0128 | 0.0104 | 18.8% | | 0.0080 | 0.0072 | 10.0% |
Travel 0.0097 | 0.0066 | 32%{ | 0.0096 | 0.0094 - 0.0067 | 0.0039 | 41.8% |

(3£ 2) Gowalla tolH A3 A7} - Global A % 27 T+ 3}t
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" T3 #1 T3 #2 T3] #3
T
s | Aekrd | RMSE A | Bl | At E | RMSE A | vjamE g | AQFRE | RMSE A
Community | 0.0087 0.0071 | 18.4% | 0.0178 0.0178 - 0.0113 0.0087 | 23.0% |
Entertainment| 0.0023 0.0017 | 26.1% | 0.0049 0.0045 8.2% | 0.0069 0.0043 | 37.7% |
Food 0.0091 0.0082 9.9% | 0.0057 0.0056 - 0.0106 0.0084 | 20.8% |
Nightlife 0.0061 0.0058 - 0.0046 0.0026 | 43.5% | 0.0075 0.0065 | 13.3% |
Outdoor 0.0015 0.0013 | 13.3% | 0.0167 0.0083 | 50.3% | 0.0055 0.0030 | 45.5% |
Shopping 0.0108 0.0102 5.6% | 0.0082 0.0073 | 11.0% { 0.0122 0.0105 | 13.9% |
Travel 0.0076 0.0069 9.2% | 0.0039 0.0039 - 0.0054 0.0054 -
T3 #4 T #5
TR
Sl EAsR=1} A oFrdl RMSE A Hl 2 A oFrdl RMSE A
Community 0.0053 0.0044 17.0% | 0.0073 0.006 17.8% |
Entertainment 0.0055 0.0051 7.3% l, 0.0068 0.0042 38.2% l,
Food 0.0061 0.0054 11.5% | 0.006 0.0053 11.7% 1
Nightlife 0.0035 0.0019 45.7% | 0.0043 0.0039 9.3% |
Outdoor 0.0017 0.0012 29.4% | 0.0078 0.0037 52.6% |
Shopping 0.0057 0.0051 10.5% | 0.0079 0.0067 15.2%
Travel 0.0025 0.0019 24.0% | 0.0042 0.0024 42.9% |
(% 3)Gowalla HlolE] A% Az} —57 +43}
34 A3 Ay and development of the high performance in-memory
F 1 oA Felg = 9l vkl 7o), Foursquare distributed DBMS based on flash memory storage in IoT
HolEo A= Hlnl 22 tiH] 54~10.5%2 RMSE 7+ environment) _ _
& BE FAT 5 YAt W A9L Yyow HuEd
3= Gowalla o8 23 Axt= T 29 £309 7] [l Ali Zonoozi et al.,, Periodic-CRN: A Convolutional
2% 21 el o] o Recurrent Model for Crowd Density Prediction with
S vt Zol, a9 Thej e me Aol gl Recurring Periodic Patterns, [ICAI 2018, p 3732-3738
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