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Table 3: Culture-specific prediction results for different POl categories. Green coloured values are
significantly higher than in the the rest of the cultures, and red significantly lower, indicating a notable
culture-specific influence.

Scope Overview of the method Experiments [Category | rgina da |

| | | KR | FR | US BR | TR GR
o . . . . T Acai House | 1488 | 43 | 20 | 0 1534 K | 0
A point of mtergst, or PO, |S' a SpeC-IflC point Iocatloq that ' A “ W /" Note:Except for Brazil in the rest of the cultures the same POls are categorised as Snack Place, Juice Bar, Dessert Shop.
someone may find use_fUI of mteres_tlng. An eX?mple Is a point N Trainin Inference , According to Foursquare’s documentation Acai house 1s a category only supported in Brazil.
on the Earth representing the location of the Eiffel Tower” - 9 2.4M POl by Foursquare (Train: 40%, Dev: 10%, Test. 50%)
, WIKIPEDIA e - _—- - Bistro | 879 | 470 3310 | 351 | 1162 | 05 | 10
POI cate The Free Encyclopedia Culture Culture 808 categories ,
DAIES Related . Independent Culture Related Independent | Catzgony | POIs (% Note: Bistros predicted using the French culture are tagged in the oniginal data as: Cafe, Bar, Gastropub, Diner. Corresponding
POI Propertie POI Properties User Properties POI Properties e e . . P
Current Map View e %83 predictions in other cultures are: Café, Wine Bar, Bar, Gastropub.
Attributes R_estaurant 5.88
p— e - [ Name 1 .| ¥1 S PaPlce | a0, Brasserie |18 |0 oo K EN o K
,@ Latitude. Lonaitud Bakery 338 ‘: Note: In other cultures Café is the main predicted category for the same POls (or there is no prediction at all). In the silver
“ - aliude, Longliuce }félftf Fof)dt 3.3 . standard the POIs are also categorised as Bistro or Cafe.
4 NS .. : Café | 126665 | 108908 | 87381 108837 | 148050 236436
_ i(r)ﬁrg'r%%ce ,dplll:feii RZSS;LS;L 95 3 s ; Note: In the US culture a lot of Cafes seem to be categorised as Coffee Shops instead. In the Greek culture Coffee Shop,
e - vouns WSS, o 7 Y ghgsne?%%st; Asian Restaurant 241 g 0 “ o PO P Breakfast Place, Dessert Shop, Bar, Tea Room POls are categorised as Café (which is actually representative of the culture).
| = e 9 is possible Noodle House | 102 Coffee Shop | 54291 | 49069 | 45769 68102 | 50513 | 52742
° ° & ARRoNDISSEMENT on“ BniicaiBeiaad | %S Note: As explained in the previous row.
MOtlvathn . I — Churrascaria | 557 o K K [0
category Note: Churrascaria is a Portuguese/Brazilian BBQ. In other cultures the majority of the same POIs are classified as BBQ Joint
AAAAAAAAAAAAAAAAA AND/OR and a small percentage as Steakhouse (especially in the US).
. Untrained Trained NN | N Culture Creperie | 078 | 775 2068 | 032 | 1138 | 917 | 1740
USEI’ data haS been Used tO deflne COﬂteXt et o) i i model ggfuﬁf’oﬁg&a}ées 198? ?8822}95 Note: Creperies are obviously common place in the French culture. In the US and KR ones the same POls are rather
. . . . . . . [ ‘T : e - : £ ) 11 = 1t A . : : ] q.
« Users’ check-in information i.e. frequency, duration, location and time [1, 2] e ey WA Name_1 | y_1 ’ categorised as Dessert Shop or Breakdast Shop. In the BR one in addition to Dessert Shop we find also Pastelaria
, category | truth category i values of the , - - Dessert Shop | 15164 | 19422 . s | 15460 | 21041 | 13736
« Users gender and age [3] X B / Note: In the French culture Dessert Shop POls are rather classified as Café, Bakery, Creperie, Pastry Shop, Chocolate Shop.
e User-defined tags [ 4 5] b5 e Retaied \ i l In the US one we have to note the large number of POIs categorised as Ice Cream Shop, Frozen Yogurt Shop, Candy Store.
]
ST Diner | 2590 | 2289 | 2388 3980 | 1539 | 1593
DraWbaC kS eﬁ?:gﬁisepcf?gitﬁc cS“ifrfnulating Note: Some of the POIs categorised in the US culture as Diner, are mainly categorised in other cultures as Café or Breakfast
° ACCeSS to use rS, |nf0 rm at|0n can be d IffICU It (See G DPR) %%Z?,%?:guf,:g‘iggs gtéllt:?l:genst Spot or there is no prediction (the difference is really big with Greece where almost all of them are categorised as Cafeé).
. . . . the model, for the Friterie | 656 | 7 4564 | 2 | 419 | 4 | 62
* On Iy |OC8.'[I0n prOXI m Ity has been ConSIdered as context f’r?l'ﬂﬁxgrﬁ-’ﬁgw' = L Note: The model has learned that Friterie is a culture-specific category (supported in FR, BE, NL in the Foursquare database).
° Cultural backg round |S extremely |mp0rtant [6’7] ) mre-pec " Ililis imms}?nff t;lnati:- thlt_ intlthﬂi}i;S cu]turesthc Ea;:n I“{_":III; areﬂjlznegorilsed}:ls Bur;itc; ?laile. 'I'ai:r:rtP]aCE. Food Truck, in the
) ) one as Kofte Place and in the GR one as Snack Place. They all seem to share a fast food aspect.
Our .COntrIbUthﬂS o _ o S Meyhane | 854 | 0 | 0 | 0 | 0 2157 | 0
 First StUdy Of CU|'[UI’e-awaI’e POl Categorlzatlon IN a gIObaI, mu |t|'||ngua| database, Note: The model has learned that Meyhane is TR culture-specific category. In other cultures Meyane POIs usually do not get
. without access to user data at training time Figure 2: Overview of proposed method. Images of NN models are adapted from [3] any prediction.
Pastelaria | 340 | 1 | 0 | 0 898 | 57 | 0
Note: The model has learned that Pastelaria is BR (and Portuguese) culture-specific category. In FR culture categorised as
Creperie, Snack Place, Bakery, US:Bakery,Snack Place, KR:Bakery, Dessert Shop, Snack Place.
- Pastry Shop | 60 | 5 307 | 0 | 0 | 88 | 0
Exa m p I e P ro b I em DEfI n Itlo n Note: The model has learned that Pastry Shop is more frequent in FR (Le. Patisserie). In other cultures we mainly find Dessert
Shop or Bakery.
. . _ i s Souvlaki Shop | 94 | 0 | 0 | 0 | 0 | 0 2434
“La Table du Ramen” located in ParIS, France Observed POI: p { x’ yO } {xC ? xN ? yO } Note: The model learned that Souvlaki Shop is specific to GR culture. In other cultures and in the silver standard, the same
POls are categorised mainly as Fried Chicken Joint and BBQ joint. There is a strong correlation to Steakhouse as well, or
French Culture (Observed Category) . Japanese Restaurant Target POI: p — {x yC } more precisely to Kebab shops that are also classified as Steakhouse in the silver standard.
J cul T es) R R Noodle H 4 Sports Bar | 67 E | 2 100 | 4 5 | 0
apanese Lu ture ( arget CategoneS). amen eStaurant= oodl€ rouse Note: The model learned that Sports Bar is more frequent in the US culture. In the silver standard, the same POls are
Target classifier: yC —_ b b (X ) categorised also just as Bar and/or Wing Joint. Furthermore, the model learned a strong correlation between the category
° Wings Joint and sports Bar - the two categories are predicted together 77% of the time.
Key Idea Takoyaki ‘ 186 130 45 34 22 44 30
Place
Note: Takoyaki Place POIs do not get any prediction most of the times in other cultures except for KR. 86% of the predicted
1 POls are correct according to the silver standard.
» Insight : Majority of POls are categorized in a manner that reflects local culture in Location-Based Implementatlon Steps Conclusions
Social Networks .
o 1. Attribute selection: POl name, location (lat, long)
o 2. Vectorisation:
B, _ _ _ Model learned
20000 = e Categorical variables: One hot encoded embeddings : : . : : . :
1004 — : I variables: 3 2 LSTM embedd « Categories that are only allowed in specific countries by design e.g. Churrascaria in Brazil, Portugal
W o ; . o o ° equential variables: 3-gram char empbedadings P : : :
L A A g & & « To make predictions that reflect local culture reasonably well (as far as we can judge) e.g. Bistro is pop
A & * Spatial attributes: lat, long -> discretized to -> Countries (then as categorical) but ular in France
other granularity is possible (e.g. regions) « Semantically similar categories for different cultures e.g. Churrascaria (Brazil) -> BBQ Joint (in other ¢
Fisure 1: rv distribution of POIs havine th ken e Other cultural variables (optional): e.g. opening times, prices ranges — follow the ultures), Pastelaria -> Bakery, Snack Place
gure atego Yy st ution o S having the toke
"noodle" in their name in Japan and France. It is obvious same approach as for spatial attributes
that "Ramen Restaurant” is the most popular category in 3. Training: But latent similarities are not equivalence!
Japan and "Asian Restaurant” in France. « Concatenation of all vectorized attributes X = [¢1(a1), ¢2(az), ... Pn(an)] E.g. Souvlaki Shop (Greek) -> Kebab Shop: both are “fast-food”, cooked on a spit BUT one is (traditionall
* Dense layer h = relu[W"x + b™] y) made using pork
* Outputlayer  p(ylh.6) = sigmoid[Wh + b] urth 4 red
: . : .. . . P . urther user studies are require
> Use culture related attributes to learn a latent representation of POI’s categories at training time. 4. Inference: Culture specific-inputs. Apply a threshold of 0.5 for label selection. .

Then, at inference time, replace the corresponding inputs according to the target cultural profile.



