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ABSTRACT
Point-of-Interest (POI) recommendation plays a vital role in various
location-aware services. It has been observed that POI recommen-
dation is driven by both sequential and geographical influences.
However, since there is no annotated label of the dominant influence
during recommendation, existing methods tend to entangle these
two influences, which may lead to sub-optimal recommendation
performance and poor interpretability. In this paper, we address
the above challenge by proposing DisenPOI, a novel Disentangled
dual-graph framework for POI recommendation, which jointly uti-
lizes sequential and geographical relationships on two separate
graphs and disentangles the two influences with self-supervision.
The key novelty of our model compared with existing approaches
is to extract disentangled representations of both sequential and ge-
ographical influences with contrastive learning. To be specific, we
construct a geographical graph and a sequential graph based on the
check-in sequence of a user. We tailor their propagation schemes to
become sequence-/geo-aware to better capture the corresponding
influences. Preference proxies are extracted from check-in sequence
as pseudo labels for the two influences, which supervise the disen-
tanglement via a contrastive loss. Extensive experiments on three
datasets demonstrate the superiority of the proposed model.
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1 INTRODUCTION
The rapid growth of Location-Based Social Networks (LBSNs) has
facilitated the development of Point-of-Interest (POI) recommen-
dation, which lies at the heart of various location-based services,
including location-based advertising and online food delivery. POI
recommendation is the backbone for numerous popular Apps, such
as Foursquare, Gowalla and Meituan. A POI can be a restaurant, a
hotel, a scenic spot, or any location-tagged item. Location is much
more than an ordinary feature dimension in POI recommendation:
it builds up a network structure among POIs, inter-connected by
both their interactive history sequence and geographical affinity.

Recent works on POI recommendation endeavor to integrate
geographical influences with sequential transitions of user check-
in data. Sequence-based methods like LSTPM [24] combine user’s
long-term interest with geo-dilated short-term interest, using geo-
graphical affinity as an auxiliary in modeling sequence behavior.
GeoIE [28] explicitly uses physical distance to model user-specific
geographical influence and GTAG [40] performs preference propa-
gation based on physical distance and time-slot affinity. Despite the
versatility of these POI recommenders, there are rarely approaches
that explicitly uncover the collaborative signals. The complex inter-
actions among users and POIs can be readily delineated by graphs,
therefore a promising approach is to leverage the rich graph struc-
ture to exploit high-order connectivity between POIs.
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Graph Neural Networks (GNNs) have been extensively deployed
for recommendation to better capture the similarities between high-
order neighbors. NGCF [30] and LightGCN [10] collects the col-
laborative signal on the user-POI bipartite graph, SR-GNN [36]
propagates along the user’s interactive sequence graph. Although
these paradigms provide valuable insight as to organizing inter-
action data into graph structures for POI recommendation, they
do not leverage geographical relationships, which is a prominent
characteristic in POI recommendation.

In fact, sequential influence and geographical influence should
be regarded as equal counterparts, which are two of the major
driving forces in POI recommendation. As the example in Figure
1 shows, a user’s visit to 𝑣4 is influenced by its neighboring nodes
from geographical and sequential graphs. On the one hand, users
are apt to re-visit familiar POIs that have already shown up in
their interaction sequences. For example, frequent visits to clothing
stores may reveal a user’s preference in fashion, which indicates
that a similar clothing store has more chance to be the next-to-
visit POI. On the other hand, POIs in the vicinity are also more
likely to be visited. For instance, a user who has just come out
of a downtown shopping mall is more likely to have lunch in a
nearby fast-food restaurant, rather than his/her favorite restaurant
in the countryside. The two influences affect user behaviors in
inherently different ways, which the previous approaches for POI
recommendation do not try to distinguish. Since these approaches
impose no explicit supervision on the learned user preference, there
is no guarantee for the explicit capture of sequential influence and
geographical influence in the user preference.

In face of the dual influences on user preference, the key is not
simple combination, but rather, disentanglement. Specifically,
to depict user preference at a finer granularity and enhance POI
recommendation quality, we need to disentangle the two latent
driving forces, thus distilling the representations for both influences
provides better interpretability. Existing disentanglement models
for recommendation either use dynamic routing (e.g. DGCF [32],
DisenCTR [33]) or self-supervised signals (e.g. MacridVAE [20],
CLSR [42]) to disentangle latent interests, yet how to disentangle
sequential and geographical influences remains unexplored.

In a nutshell, the ubiquity and uniqueness of the two influences
in LBSNs pose two major challenges to POI recommendation: First,
how to depict these two high-order connectivity influences for the
user check-in data? Second, How to explicitly disentangle these
two influences for POI recommendation?

To address the aforementioned challenges, we propose Disen-
POI, a novel Disentangled dual-graph framework for POI Recom-
mendation, which explicitly models sequential and geographical
influences on user check-in data. DisenPOI constructs two disentan-
gled POI graphs: a geographical graph based on spatial affinity, and
a sequential graph based on interaction history. To better capture
high-order connectivity on different graph topologies, a distance-
aware and a sequence-aware GNN are proposed to propagate on the
corresponding geographical and sequential graph. We adopt con-
trastive learning methods to disentangle the graph representations
in a self-supervised way.With the help of disentangled represen-
tations, DisenPOI can make recommendations that reflect both
sequential and geographical influence.

We summarize our main contributions as follows:

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1

<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

<latexit sha1_base64="Vx17vpUuOe1Mymv9gb2X5BrXIdI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDu5nfHKHSPJZPZpygH9G+5CFn1FjpcdS97BZLbtmdg6wSLyMlyFDrFr86vZilEUrDBNW67bmJ8SdUGc4ETgudVGNC2ZD2sW2ppBFqfzI/dUrOrNIjYaxsSUPm6u+JCY20HkeB7YyoGehlbyb+57VTE974Ey6T1KBki0VhKoiJyexv0uMKmRFjSyhT3N5K2IAqyoxNp2BD8JZfXiWNi7J3Va48VErV2yyOPJzAKZyDB9dQhXuoQR0Y9OEZXuHNEc6L8+58LFpzTjZzDH/gfP4AEaKNqw==</latexit>v5

User

User Preference

Geographical
Influence

Sequential
Influence

<latexit sha1_base64="hYimg1CMq7FhuMv918Y0MAMl0fk=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNEY9ELx4xyiOBDZkdBpgwO7uZ6SUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSyFQdf9dnIbm1vbO/ndwt7+weFR8fikaaJEM95gkYx0O6CGS6F4AwVK3o41p2EgeSsY38391oRrIyL1hNOY+yEdKjEQjKKVHie9aq9YcsvuAmSdeBkpQYZ6r/jV7UcsCblCJqkxHc+N0U+pRsEknxW6ieExZWM65B1LFQ258dPFqTNyYZU+GUTalkKyUH9PpDQ0ZhoGtjOkODKr3lz8z+skOLjxU6HiBLliy0WDRBKMyPxv0heaM5RTSyjTwt5K2IhqytCmU7AheKsvr5PmVdm7LlceKqXabRZHHs7gHC7BgyrU4B7q0AAGQ3iGV3hzpPPivDsfy9ack82cwh84nz8Uqo2t</latexit>v7

<latexit sha1_base64="gR+w8zfSIAIOEgYq6sc4cnu+Nrk=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY5ELx4xyiOBDZkdBpgwO7uZ6SUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSyFQdf9dnIbm1vbO/ndwt7+weFR8fikaaJEM95gkYx0O6CGS6F4AwVK3o41p2EgeSsY38391oRrIyL1hNOY+yEdKjEQjKKVHie9aq9YcsvuAmSdeBkpQYZ6r/jV7UcsCblCJqkxHc+N0U+pRsEknxW6ieExZWM65B1LFQ258dPFqTNyYZU+GUTalkKyUH9PpDQ0ZhoGtjOkODKr3lz8z+skOKj6qVBxglyx5aJBIglGZP436QvNGcqpJZRpYW8lbEQ1ZWjTKdgQvNWX10nzquxdlysPlVLtNosjD2dwDpfgwQ3U4B7q0AAGQ3iGV3hzpPPivDsfy9ack82cwh84nz8WLo2u</latexit>v8

<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1
<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

<latexit sha1_base64="Vx17vpUuOe1Mymv9gb2X5BrXIdI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDu5nfHKHSPJZPZpygH9G+5CFn1FjpcdS97BZLbtmdg6wSLyMlyFDrFr86vZilEUrDBNW67bmJ8SdUGc4ETgudVGNC2ZD2sW2ppBFqfzI/dUrOrNIjYaxsSUPm6u+JCY20HkeB7YyoGehlbyb+57VTE974Ey6T1KBki0VhKoiJyexv0uMKmRFjSyhT3N5K2IAqyoxNp2BD8JZfXiWNi7J3Va48VErV2yyOPJzAKZyDB9dQhXuoQR0Y9OEZXuHNEc6L8+58LFpzTjZzDH/gfP4AEaKNqw==</latexit>v5

<latexit sha1_base64="Uzpf484oB/ijPx9e+Aq2+rGuuWQ=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNQY9ELx4xyiOBDZkdGpgwO7uZmSUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU0eJYthgkYhUO6AaBZfYMNwIbMcKaRgIbAXju7nfmqDSPJJPZhqjH9Kh5APOqLHS46RX7RVLbtldgKwTLyMlyFDvFb+6/YglIUrDBNW647mx8VOqDGcCZ4VuojGmbEyH2LFU0hC1ny5OnZELq/TJIFK2pCEL9fdESkOtp2FgO0NqRnrVm4v/eZ3EDG78lMs4MSjZctEgEcREZP436XOFzIipJZQpbm8lbEQVZcamU7AheKsvr5PmVdmrlisPlVLtNosjD2dwDpfgwTXU4B7q0AAGQ3iGV3hzhPPivDsfy9ack82cwh84nz8TJo2s</latexit>v6

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1

<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3
<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

<latexit sha1_base64="Vx17vpUuOe1Mymv9gb2X5BrXIdI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDu5nfHKHSPJZPZpygH9G+5CFn1FjpcdS97BZLbtmdg6wSLyMlyFDrFr86vZilEUrDBNW67bmJ8SdUGc4ETgudVGNC2ZD2sW2ppBFqfzI/dUrOrNIjYaxsSUPm6u+JCY20HkeB7YyoGehlbyb+57VTE974Ey6T1KBki0VhKoiJyexv0uMKmRFjSyhT3N5K2IAqyoxNp2BD8JZfXiWNi7J3Va48VErV2yyOPJzAKZyDB9dQhXuoQR0Y9OEZXuHNEc6L8+58LFpzTjZzDH/gfP4AEaKNqw==</latexit>v5

Sequential Graph
<latexit sha1_base64="hYimg1CMq7FhuMv918Y0MAMl0fk=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNEY9ELx4xyiOBDZkdBpgwO7uZ6SUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSyFQdf9dnIbm1vbO/ndwt7+weFR8fikaaJEM95gkYx0O6CGS6F4AwVK3o41p2EgeSsY38391oRrIyL1hNOY+yEdKjEQjKKVHie9aq9YcsvuAmSdeBkpQYZ6r/jV7UcsCblCJqkxHc+N0U+pRsEknxW6ieExZWM65B1LFQ258dPFqTNyYZU+GUTalkKyUH9PpDQ0ZhoGtjOkODKr3lz8z+skOLjxU6HiBLliy0WDRBKMyPxv0heaM5RTSyjTwt5K2IhqytCmU7AheKsvr5PmVdm7LlceKqXabRZHHs7gHC7BgyrU4B7q0AAGQ3iGV3hzpPPivDsfy9ack82cwh84nz8Uqo2t</latexit>v7

<latexit sha1_base64="gR+w8zfSIAIOEgYq6sc4cnu+Nrk=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY5ELx4xyiOBDZkdBpgwO7uZ6SUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSyFQdf9dnIbm1vbO/ndwt7+weFR8fikaaJEM95gkYx0O6CGS6F4AwVK3o41p2EgeSsY38391oRrIyL1hNOY+yEdKjEQjKKVHie9aq9YcsvuAmSdeBkpQYZ6r/jV7UcsCblCJqkxHc+N0U+pRsEknxW6ieExZWM65B1LFQ258dPFqTNyYZU+GUTalkKyUH9PpDQ0ZhoGtjOkODKr3lz8z+skOKj6qVBxglyx5aJBIglGZP436QvNGcqpJZRpYW8lbEQ1ZWjTKdgQvNWX10nzquxdlysPlVLtNosjD2dwDpfgwQ3U4B7q0AAGQ3iGV3hzpPPivDsfy9ack82cwh84nz8WLo2u</latexit>v8

<latexit sha1_base64="Uzpf484oB/ijPx9e+Aq2+rGuuWQ=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNQY9ELx4xyiOBDZkdGpgwO7uZmSUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU0eJYthgkYhUO6AaBZfYMNwIbMcKaRgIbAXju7nfmqDSPJJPZhqjH9Kh5APOqLHS46RX7RVLbtldgKwTLyMlyFDvFb+6/YglIUrDBNW647mx8VOqDGcCZ4VuojGmbEyH2LFU0hC1ny5OnZELq/TJIFK2pCEL9fdESkOtp2FgO0NqRnrVm4v/eZ3EDG78lMs4MSjZctEgEcREZP436XOFzIipJZQpbm8lbEQVZcamU7AheKsvr5PmVdmrlisPlVLtNosjD2dwDpfgwTXU4B7q0AAGQ3iGV3hzhPPivDsfy9ack82cwh84nz8TJo2s</latexit>v6

Geographical Graph

Figure 1: An illustration of disentangled influences behind
check-ins. A visit to 𝑣4 is influenced by its neighbouring
nodes from geographical and sequential graph.

• We construct dual graphs from user’s visiting interactions to
jointly utilize both sequential and geographical relationships,
devising sequence- and geo-aware propagation schemes for the
two graphs respectively to improve embedding quality.
• We propose to extract disentangled representations of sequential
and geographical influences. Sequential and geographical prox-
ies are obtained as self-supervised signals, which are specially
tailored for the LBSN setting. To the best of our knowledge, this
is the first graph-based POI recommendation framework with
disentangled sequential and geographical representations.
• We conduct extensive experiments on three real-world bench-
marks for POI recommendation. Our model consistently outper-
forms strong baselines, achieving state-of-the-art performance
on all three benchmark datasets.

2 RELATEDWORK
2.1 Location-based POI Recommendation
Location-based POI recommendation puts special emphasis on the
geographical features of POIS. GeoIE [28] models geographical in-
fluence between two POIs by the inner product of geo-influence
and geo-susceptibility vectors. PACE [38] combines Matrix Factor-
ization (MF) [23] approach with self-supervised learning to better
exploit location information. There are also works [4, 17, 22] that
leverage Markov Chain for next-POI prediction. This line of work
[6, 18, 24, 27, 41] is characterized by their wide use of Recurrent
Neural Networks (RNNs) for modeling sequential data. For example,
LSTPM [24] combines geographical information with sequential
method by estimating the spatial-temporal similarities and find-
ing shortcuts between POIs. There are also works [3, 7, 8, 14] that
consider the social influence between users.

2.2 GNN-based Recommendation
Graph Neural Networks (GNNs) like Graph Convolutional Net-
work (GCN) [13], Gated Graph Neural Network (GGNN) [15] and
Graph Attention Network (GAT) [26] have been consistently show-
ing their potency with graph-structured data. GNNs learn the hid-
den representation of a graph node by passing and aggregating
messages collected from its neighboring nodes. By stacking GNN
layers, models[12, 19] are empowered to exploit high-order graph
connectivity. Graph structures naturally exist among users and
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items, which makes GNNs ideal for modeling recommendation
tasks. NGCF [30] and its variant LightGCN [10] consider the col-
laborative signals on a user-item bipartite graph. DSGL [5] uses
dynamic sequential graphs to model the dynamics of user’s in-
teraction history. Recently, works like KBGNN [11], GSTN [35],
GEAPR [16] and IMUP [29] propose to integrate geographical fac-
tors into GNN-based recommendation to improve performance
under location-based settings. However, every observed interaction
can be driven by various ambient influences, as well as diverse user
interests. Representations learned by GNNs cannot readily uncover
these rich semantics.

2.3 Disentangled Learning in Recommendation
Disentangled Representation Learning [1] aims to learn separate
explanatory representations from different latent factors behind
data. MacridVAE [20] employs Variational Auto-Encoders (VAEs)
to encode items via disentangled prototypes. CLSR [42] attempts
to disentangle users’ long and short-term interests from their click-
ing sequences. GNNs are also used in disentangled recommenders,
which propose to learn disentangled representation from various
graph structures. Such models include DGCF [32] (user-item graph),
DisenHAN [34] (heterogeneous graph) and KGIN [31] (knowledge
graph). Yet, the aforementioned works only perform disentangled
learning on one type of graph topology. They are not intended to
capture influences from POI locations, either. These short-comings
shall be addressed by our proposed DisenPOImodel, which uses two
disentangled graphs to utilize sequential and geographical relation-
ships, and extracts the rich semantics behind observed interactions
by disentangling sequential and geographical influences.

3 PRELIMINARY
3.1 Problem Formulation
Location-based Click Through Rate (CTR) prediction aims to lever-
age geographical information in user’s interactive history with
POIs. We denote the set of users as U = {𝑢1, 𝑢2, ..., 𝑢 |U |}, and
the set of POIs as V = {𝑣1, 𝑣2, ..., 𝑣 |V |}, where each POI 𝑣 ∈ V
is geo-encoded by its coordinates (𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑒, 𝑙𝑎𝑡𝑖𝑡𝑢𝑑𝑒) tuple, i.e.
(𝑙𝑜𝑛𝑣, 𝑙𝑎𝑡𝑣). For each user 𝑢 ∈ U, his/her check-in sequence is or-
ganized into a list 𝑠𝑢 = [𝑣𝑢,1, 𝑣𝑢,2, ..., 𝑣𝑢,𝑡−1], containing the 𝑡 − 1
POIs he/she has checked in, sorted by timestamp. Given user 𝑢 and
target POI 𝑣 , the goal of location-based CTR prediction is to predict
the probability for 𝑢 to visit 𝑣 , formulated as 𝑦𝑢𝑣 = 𝑓 (𝑢, 𝑣 |𝑠𝑢 ;𝜃 ),
where 𝑓 is a learnable function parameterized by 𝜃 .

3.2 Construction of Two Disentangled Graphs
As we aim to make predictions based on both the geographical
relationship between POIs and the sequential dependency in users’
check-in history, two POI graphswith different propagation schemes
are thus constructed to meet the two ends respectively.

3.2.1 Geographical Graph. The undirected geographical graph
G𝑔 = {V, E𝑔, 𝐴𝑔} is built upon the location of POIs. An undirected
edge 𝑒𝑔 = (𝑣𝑖 , 𝑣 𝑗 ) ∈ E𝑔 indicates that the distance between 𝑣𝑖 and 𝑣 𝑗
is within a specific distance threshold Δ𝑑 . The edge weight matrix
𝐴𝑔 (𝑖, 𝑗) is the geographical distance between POI 𝑣𝑖 and 𝑣 𝑗 . The

construction of G𝑔 is based on the fact that a user would usually
prefer a nearby POI for the next visit.

3.2.2 Sequential Graph. Inspired by previous work on session-
based recommendation [36], we propose to construct sequential
graphs for visiting sequences. Given a user 𝑢 and his/her check-in
history 𝑠𝑢 , a directed sequential graph G𝑠,𝑢 = {V𝑠,𝑢 , E𝑠,𝑢 } can then
be constructed. For each edge 𝑒𝑠 =

〈
𝑣𝑖 , 𝑣 𝑗

〉
∈ G𝑠 , it represents that

the user has successively check-in to 𝑣 𝑗 after 𝑣𝑖 in 𝑠𝑢 . Thus, G𝑠,𝑢
gleans sequential information from the check-in history.

4 THE PROPOSED MODEL
4.1 Overview
The proposed model has four modules as illustrated in Figure 2.
Given a user’s check-in history and a target POI, the model first
maps IDs of the involved POIs into a hidden space, i.e.𝑋 ∈ R𝐷×𝐷 , to
get their initial embeddings. After the POIs are mapped, the model
constructs two graphs, 𝐺𝑔 and 𝐺𝑠 , which reflect the geographical
and sequential features of the given visiting history respectively.
Two graph propagation modules are used upon the drawn graphs to
generate representations from a disentangled view. A soft-attention
mechanism is applied to extract the user preference behind visits
on both modules, in order to dynamically measure the influence of
visited and nearby POIs on the target POI. To explicitly disentangle
this hybrid influence into two independent fields, we introduce
a contrastive auxiliary loss to ensure that each module is able
to extract disentangled information from the corresponding POI
graph. Finally, we use an MLP layer to aggregate these disentangled
representations and generate CTR prediction for the target POI.

During the training process, we adopt a curriculum learning
scheme to integrate the contrastive loss with the target function.
We control the curriculum weight to train the model in an easy-
to-difficult manner so that our model can be trained adequately to
give valid predictions while maintaining effective disentanglement.

4.2 Propagation on Disentangled Graphs
The graph propagation layer encodes the constructed graphs and
outputs two sets of POI representations with geographical and
sequential information. Since the two disentangled graphs are orga-
nized according to sequential/geographical relationships, we apply
sequence-/geo-aware graph propagation schemes on them respec-
tively, to better exploit the intrinsic characteristics of each graph.

4.2.1 Geographical Graph Propagation Layer. Given the location-
based graph G𝑔 , we build our geographical graph propagation layer
using the message-passing scheme of GNNs [9, 37].

Message Construction. For a pair of neighboring POIs 𝑣𝑖 , 𝑣 𝑗 ,
the message on the 𝑙-th layer is defined as:

𝑚
(𝑙)
𝑗←𝑖

= 𝑓𝑑 (ℎ
(𝑙−1)
𝑖

, ℎ
(𝑙−1)
𝑗
), (1)

where 𝑓𝑑 (·) is the message encoding function that takes item rep-
resentation ℎ (𝑙−1) from the previous GNN layer. Specifically, the
input of the first layer is initialized with POI’s embedding 𝑋 :

ℎ
(0)
𝑖

= 𝑥𝑖 ,∀𝑣𝑖 ∈ V . (2)

In order to better leverage the geographical information in G𝑔 , the
message function 𝑓𝑑 (·) is expected to reflect the distance influence

510



WSDM ’23, February 27–March 3, 2023, Singapore, Singapore. Yifang Qin et al.

Em
bedding Layer

<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3
<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

<latexit sha1_base64="Vx17vpUuOe1Mymv9gb2X5BrXIdI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDu5nfHKHSPJZPZpygH9G+5CFn1FjpcdS97BZLbtmdg6wSLyMlyFDrFr86vZilEUrDBNW67bmJ8SdUGc4ETgudVGNC2ZD2sW2ppBFqfzI/dUrOrNIjYaxsSUPm6u+JCY20HkeB7YyoGehlbyb+57VTE974Ey6T1KBki0VhKoiJyexv0uMKmRFjSyhT3N5K2IAqyoxNp2BD8JZfXiWNi7J3Va48VErV2yyOPJzAKZyDB9dQhXuoQR0Y9OEZXuHNEc6L8+58LFpzTjZzDH/gfP4AEaKNqw==</latexit>v5
<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1

<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1

<latexit sha1_base64="Vx17vpUuOe1Mymv9gb2X5BrXIdI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDu5nfHKHSPJZPZpygH9G+5CFn1FjpcdS97BZLbtmdg6wSLyMlyFDrFr86vZilEUrDBNW67bmJ8SdUGc4ETgudVGNC2ZD2sW2ppBFqfzI/dUrOrNIjYaxsSUPm6u+JCY20HkeB7YyoGehlbyb+57VTE974Ey6T1KBki0VhKoiJyexv0uMKmRFjSyhT3N5K2IAqyoxNp2BD8JZfXiWNi7J3Va48VErV2yyOPJzAKZyDB9dQhXuoQR0Y9OEZXuHNEc6L8+58LFpzTjZzDH/gfP4AEaKNqw==</latexit>v5

<latexit sha1_base64="xRFvcCAHe3sdZK6o49MLG0zyJbM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7m0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hobua3xqg0j+WTmSToR3QgecgZNVZ6HPe8XrniVt05yCrxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwWuqmGhPKRnSAHUsljVD72fzUKTmzSp+EsbIlDZmrvycyGmk9iQLbGVEz1MveTPzP66QmvPEzLpPUoGSLRWEqiInJ7G/S5wqZERNLKFPc3krYkCrKjE2nZEPwll9eJc2LqndVvXy4rNRu8ziKcAKncA4eXEMN7qEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMLko2n</latexit>v1
<latexit sha1_base64="pd6CG+fgXjPa9TrI/+SvifD5VxY=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju7nfGqPSPJZPZpKgH9GB5CFn1Fjpcdyr9Iolt+wuQNaJl5ESZKj3il/dfszSCKVhgmrd8dzE+FOqDGcCZ4VuqjGhbEQH2LFU0gi1P12cOiMXVumTMFa2pCEL9ffElEZaT6LAdkbUDPWqNxf/8zqpCW/8KZdJalCy5aIwFcTEZP436XOFzIiJJZQpbm8lbEgVZcamU7AheKsvr5NmpexdlasP1VLtNosjD2dwDpfgwTXU4B7q0AAGA3iGV3hzhPPivDsfy9ack82cwh84nz8NFo2o</latexit>v2

<latexit sha1_base64="b2tEeKlWWv/DNO1wXN9nzf05O4M=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOvTBhdnYzM0tCCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCooeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh3cxvjlBpHssnM07Qj2hf8pAzaqz0OOpedoslt+zOQVaJl5ESZKh1i1+dXszSCKVhgmrd9tzE+BOqDGcCp4VOqjGhbEj72LZU0gi1P5mfOiVnVumRMFa2pCFz9ffEhEZaj6PAdkbUDPSyNxP/89qpCW/8CZdJalCyxaIwFcTEZPY36XGFzIixJZQpbm8lbEAVZcamU7AheMsvr5LGRdm7KlceKqXqbRZHHk7gFM7Bg2uowj3UoA4M+vAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpqNqQ==</latexit>v3

<latexit sha1_base64="hO320iBa8sEmbXNNilQxEqLdr0Y=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc3LindVqT5Uy7XbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AEQHo2q</latexit>v4<latexit sha1_base64="Vx17vpUuOe1Mymv9gb2X5BrXIdI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdemHC7OxmZpaEED7BiweN8eoXefNvHGAPClbSSaWqO91dQSK4Nq777eTW1jc2t/LbhZ3dvf2D4uFRQ8epYlhnsYhVK6AaBZdYN9wIbCUKaRQIbAbDu5nfHKHSPJZPZpygH9G+5CFn1FjpcdS97BZLbtmdg6wSLyMlyFDrFr86vZilEUrDBNW67bmJ8SdUGc4ETgudVGNC2ZD2sW2ppBFqfzI/dUrOrNIjYaxsSUPm6u+JCY20HkeB7YyoGehlbyb+57VTE974Ey6T1KBki0VhKoiJyexv0uMKmRFjSyhT3N5K2IAqyoxNp2BD8JZfXiWNi7J3Va48VErV2yyOPJzAKZyDB9dQhXuoQR0Y9OEZXuHNEc6L8+58LFpzTjZzDH/gfP4AEaKNqw==</latexit>v5

<latexit sha1_base64="Uzpf484oB/ijPx9e+Aq2+rGuuWQ=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNQY9ELx4xyiOBDZkdGpgwO7uZmSUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJU0eJYthgkYhUO6AaBZfYMNwIbMcKaRgIbAXju7nfmqDSPJJPZhqjH9Kh5APOqLHS46RX7RVLbtldgKwTLyMlyFDvFb+6/YglIUrDBNW647mx8VOqDGcCZ4VuojGmbEyH2LFU0hC1ny5OnZELq/TJIFK2pCEL9fdESkOtp2FgO0NqRnrVm4v/eZ3EDG78lMs4MSjZctEgEcREZP436XOFzIipJZQpbm8lbEQVZcamU7AheKsvr5PmVdmrlisPlVLtNosjD2dwDpfgwTXU4B7q0AAGQ3iGV3hzhPPivDsfy9ack82cwh84nz8TJo2s</latexit>v6

<latexit sha1_base64="hYimg1CMq7FhuMv918Y0MAMl0fk=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNEY9ELx4xyiOBDZkdBpgwO7uZ6SUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSyFQdf9dnIbm1vbO/ndwt7+weFR8fikaaJEM95gkYx0O6CGS6F4AwVK3o41p2EgeSsY38391oRrIyL1hNOY+yEdKjEQjKKVHie9aq9YcsvuAmSdeBkpQYZ6r/jV7UcsCblCJqkxHc+N0U+pRsEknxW6ieExZWM65B1LFQ258dPFqTNyYZU+GUTalkKyUH9PpDQ0ZhoGtjOkODKr3lz8z+skOLjxU6HiBLliy0WDRBKMyPxv0heaM5RTSyjTwt5K2IhqytCmU7AheKsvr5PmVdm7LlceKqXabRZHHs7gHC7BgyrU4B7q0AAGQ3iGV3hzpPPivDsfy9ack82cwh84nz8Uqo2t</latexit>v7

<latexit sha1_base64="gR+w8zfSIAIOEgYq6sc4cnu+Nrk=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY5ELx4xyiOBDZkdBpgwO7uZ6SUhGz7BiweN8eoXefNvHGAPClbSSaWqO91dQSyFQdf9dnIbm1vbO/ndwt7+weFR8fikaaJEM95gkYx0O6CGS6F4AwVK3o41p2EgeSsY38391oRrIyL1hNOY+yEdKjEQjKKVHie9aq9YcsvuAmSdeBkpQYZ6r/jV7UcsCblCJqkxHc+N0U+pRsEknxW6ieExZWM65B1LFQ258dPFqTNyYZU+GUTalkKyUH9PpDQ0ZhoGtjOkODKr3lz8z+skOKj6qVBxglyx5aJBIglGZP436QvNGcqpJZRpYW8lbEQ1ZWjTKdgQvNWX10nzquxdlysPlVLtNosjD2dwDpfgwQ3U4B7q0AAGQ3iGV3hzpPPivDsfy9ack82cwh84nz8WLo2u</latexit>v8

<latexit sha1_base64="WG4OFO3bs9dm2nyYbKRnFFNKhNg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKexK8HELevEY0TwgWcLspDcZMju7zMwGQsgnePGgiFe/yJt/4yTZgyYWNBRV3XR3BYng2rjut5NbW9/Y3MpvF3Z29/YPiodHDR2nimGdxSJWrYBqFFxi3XAjsJUopFEgsBkM72Z+c4RK81g+mXGCfkT7koecUWOlx1H3plssuWV3DrJKvIyUIEOtW/zq9GKWRigNE1Trtucmxp9QZTgTOC10Uo0JZUPax7alkkao/cn81Ck5s0qPhLGyJQ2Zq78nJjTSehwFtjOiZqCXvZn4n9dOTXjtT7hMUoOSLRaFqSAmJrO/SY8rZEaMLaFMcXsrYQOqKDM2nYINwVt+eZU0LsreZbnyUClVb7M48nACp3AOHlxBFe6hBnVg0IdneIU3RzgvzrvzsWjNOdnMMfyB8/kDF7KNrw==</latexit>v9
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<latexit sha1_base64="pR00CITc2xc9AZfIPTAlMFdLbOc=">AAACAXicbVBNS8NAEN3Ur1q/ol4EL8EieCqJFPVY9OLBQwX7AU0Im+22XbrZhN2JWEK8+Fe8eFDEq//Cm//GTZuDtj4YeLw3w8y8IOZMgW1/G6Wl5ZXVtfJ6ZWNza3vH3N1rqyiRhLZIxCPZDbCinAnaAgacdmNJcRhw2gnGV7nfuadSsUjcwSSmXoiHgg0YwaAl3zxwQwwjgnl6k/mpC/QBUhKJLPPNql2zp7AWiVOQKirQ9M0vtx+RJKQCCMdK9Rw7Bi/FEhjhNKu4iaIxJmM8pD1NBQ6p8tLpB5l1rJW+NYikLgHWVP09keJQqUkY6M78XjXv5eJ/Xi+BwYWXMhEnQAWZLRok3ILIyuOw+kxSAnyiCSaS6VstMsISE9ChVXQIzvzLi6R9WnPOavXberVxWcRRRofoCJ0gB52jBrpGTdRCBD2iZ/SK3own48V4Nz5mrSWjmNlHf2B8/gDYtJfO</latexit>
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<latexit sha1_base64="nCFgH3RPks6BPeXntH8UyYMHR9M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7k0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGdzO/NebaiFg94SThfkQHSoSCUbTS47iHvXLFrbpzkFXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8WuqmhieUjeiAdyxVNOLGz+anTsmZVfokjLUthWSu/p7IaGTMJApsZ0RxaJa9mfif10kxvPEzoZIUuWKLRWEqCcZk9jfpC80ZyokllGlhbyVsSDVlaNMp2RC85ZdXSfOi6l1VLx8uK7XbPI4inMApnIMH11CDe6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBxHo3q</latexit>vt

<latexit sha1_base64="8si5R3qGd8oqjOlXlCg+5JtuVVw=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBg5REinosevFYwX5AG8pmO2mXbjZhdyOU0B/hxYMiXv093vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8NJME/YgOJQ85o8ZKbexnw4t02i9X3Ko7B1klXk4qkKPRL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOyVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhDd+xmWSGpRssShMBTExmf1OBlwhM2JiCWWK21sJG1FFmbEJlWwI3vLLq6R1WfWuqrWHWqV+m8dRhBM4hXPw4BrqcA8NaAKDMTzDK7w5ifPivDsfi9aCk88cwx84nz9KP4+N</latexit>eg,u
<latexit sha1_base64="fktcu53ci2w81CHOxPRzf1OwXRk=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBg5REinosevFYwX5AG8pmO2mXbjZhdyOU0B/hxYMiXv093vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8NJME/YgOJQ85o8ZKbexn+iKd9ssVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+bnTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14Y2fcZmkBiVbLApTQUxMZr+TAVfIjJhYQpni9lbCRlRRZmxCJRuCt/zyKmldVr2rau2hVqnf5nEU4QRO4Rw8uIY63EMDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w9ck4+Z</latexit>es,u

<latexit sha1_base64="MbTS1h+M8tSUvbDJaAPrpe2jaBU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VMPe+WKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1buont+dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AF0Ko3s</latexit>xt
<latexit sha1_base64="YFJgdHwbvLQrUOIrwvqNXh8fKt8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh1Ef++WKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwBbyo3c</latexit>

ht

{Concat

MLP

Prediction
<latexit sha1_base64="ej5kp0Gnvw74fGQGb42fNe/soKU=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cK9gPaUDbbTbt0swm7EyGE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu5nfeeLaiFg9YpZwP6IjJULBKFqp0x9TzLPpoFpz6+4cZJV4BalBgeag+tUfxiyNuEImqTE9z03Qz6lGwSSfVvqp4QllEzriPUsVjbjx8/m5U3JmlSEJY21LIZmrvydyGhmTRYHtjCiOzbI3E//zeimGN34uVJIiV2yxKEwlwZjMfidDoTlDmVlCmRb2VsLGVFOGNqGKDcFbfnmVtC/q3lX98uGy1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH7Svj9M=</latexit>

ŷ

A B C D

<latexit sha1_base64="ohVH8w+xf+D3IRqADljyssJrJhU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtpv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBuEI3o</latexit>su

Target

<latexit sha1_base64="XSiNtQTuJkvQNG6z/EqyPEBW8y0=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBhZREirosutBlBfuANoTJdNIOnTyYmSgl5lPcuFDErV/izr9x0mahrQcGDufcyz1zvJgzqSzr2yitrK6tb5Q3K1vbO7t7ZnW/I6NEENomEY9Ez8OSchbStmKK014sKA48Trve5Dr3uw9USBaF92oaUyfAo5D5jGClJdesDgKsxgTz9CZzU3maZK5Zs+rWDGiZ2AWpQYGWa34NhhFJAhoqwrGUfduKlZNioRjhNKsMEkljTCZ4RPuahjig0kln0TN0rJUh8iOhX6jQTP29keJAymng6ck8qFz0cvE/r58o/9JJWRgnioZkfshPOFIRyntAQyYoUXyqCSaC6ayIjLHAROm2KroEe/HLy6RzVrfP6427Rq15VdRRhkM4ghOw4QKacAstaAOBR3iGV3gznowX4934mI+WjGLnAP7A+PwBnV2UPg==</latexit>
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Figure 2: Illustration of DisenPOI. A) Embedding Layer for POIs; B) graph propagation layer that generates disentangled
representations 𝑒𝑔,𝑢 , 𝑒𝑠,𝑢 and their proxies 𝑝𝑔,𝑢 , 𝑝𝑠,𝑢 ; C) soft-attention layer that aggregates POI embeddings for contrastive loss
and model prediction; D) prediction layer to make predictions.

between POIs. Specifically, POIs that are closer tend to share more
similarities than distant ones. Formally, 𝑓𝑑 (·) is implemented as:

𝑚
(𝑙)
𝑗←𝑖

=
1√︁

|N𝑖 | |N𝑗 |
(𝑊 (𝑙)1 ℎ

(𝑙−1)
𝑖

+𝑤 (𝑑𝑖 𝑗 )𝑊 (𝑙)2 ℎ
(𝑙−1)
𝑖

⊙ℎ (𝑙−1)
𝑗
), (3)

where𝑊1,𝑊2 ∈ R𝐷×𝐷 are trainable weight matrices as linear trans-
formations for lower layer representations. To take the effect of
distance into consideration, an element-wise production item is
included. Distance kernel𝑤 (𝑑𝑖 𝑗 ) = 𝑒−𝑑

2
𝑖 𝑗 decays exponentially as

𝑑𝑖 𝑗 , the distance between 𝑣𝑖 and 𝑣 𝑗 grows. We use the graph Lapla-
cian norm like GCNs [13], where N𝑖 and N𝑗 denote the first-hop
neighbors for 𝑣𝑖 and 𝑣 𝑗 on G𝑔 respectively.

Message Aggregation. To generate node representations on
each GNN layer, the message aggregation function is defined as:

ℎ
(𝑙)
𝑗

= LeakyReLU(𝑚 𝑗←𝑗 +
∑︁
𝑖∈N𝑢

𝑚 𝑗←𝑖 ), (4)

where𝑚 𝑗←𝑗 =𝑊1ℎ
(𝑙−1)
𝑗

is induced by the representation of 𝑣 𝑗 .
After propagating along 𝐿 GNN layers, we adopt the hidden

representation of the 𝐿-th layer as the geographical encoding of all
the POIs inV:

𝐻𝑔 = [ℎ (𝐿)1 ;ℎ (𝐿)2 ; ...;ℎ (𝐿)|V |] . (5)

As for user 𝑢 with check-in history 𝑠𝑢 , we assume that his/her
geographical preference can be captured by aggregating the high-
order geographical neighbors of POIs in his/her check-in history.
In practice, the user’s geographical encoding 𝐻𝑔,𝑢 is the list of the
geographical embeddings of all the POIs that appear in 𝑠𝑢 .

4.2.2 Sequential Graph Propagation Layer. Given a target user 𝑢
and the constructed sequential graph G𝑠,𝑢 , we obtain the hidden
representation of each item in the user’s visiting history to exploit
sequential influence. A user’s visit sequence contains not only in-
formation about his preferences on POIs, but also the evolving
history of his interests, which implies his tendency for the next
POI to visit. Since plain GCNs are sequential-invariant, we consider

adopting a graph propagation method that can fully leverage se-
quential information in the session graph. For the given reasons,
we apply Gated Graph Neural Networks (GGNNs) [15] on G𝑠,𝑢 to
better leverage the sequential information. For each node 𝑣𝑖 ∈ G𝑠,𝑢
and its embedding 𝑥𝑖 , the hidden representation of 𝑣 is updated as:

ℎ
(1)
𝑣 = [𝑥⊤𝑖 , 0]

⊤ (6)

𝑎𝑡𝑣 = 𝐴
⊤
𝑣: [ℎ
(𝑡−1)⊤
1 , ..., ℎ

(𝑡−1)⊤
|V | ]

⊤ + 𝑏 (7)

𝑧𝑡𝑣 = 𝜎 (𝑊 𝑧𝑎
(𝑡 )
𝑣 +𝑈 𝑧ℎ

(𝑡−1)
𝑣 ) (8)

𝑟𝑡𝑣 = 𝜎 (𝑊 𝑟𝑎
(𝑡 )
𝑣 +𝑈 𝑟ℎ

(𝑡−1)
𝑣 ) (9)

ℎ̃
(𝑡 )
𝑣 = tanh(𝑊𝑜𝑎

(𝑡 )
𝑣 +𝑈𝑜 (𝑟𝑡𝑣 ⊙ ℎ

(𝑡−1)
𝑣 )) (10)

ℎ
(𝑡 )
𝑣 = (1 − 𝑧𝑡𝑣) ⊙ ℎ

(𝑡−1)
𝑣 + 𝑧𝑡𝑣 ⊙ ℎ̃

(𝑡 )
𝑣 , (11)

where connection matrix 𝐴𝑣 ∈ R |V |×2 |V | determines the connec-
tivity of nodes in G𝑠,𝑢 ,𝑊 s and𝑈 s are trainable parameters. Inspired
by Gate Recurrent Unit (GRU), GGNN proceeds on all nodes of the
sequential graph sequentially. The propagation of hidden states
is controlled by an update gate 𝑧𝑡𝑣 and a reset gate 𝑟𝑡𝑣 . The gated
controlled propagation on G𝑠,𝑢 models the sequential effect behind
user behavior. We obtain the output of the last hidden layer as the
sequential encoding of POIs:

𝐻𝑠,𝑢 = [ℎ (𝑡 )
𝑢,1, ℎ

(𝑡 )
𝑢,2, ..., ℎ

(𝑡 )
𝑢, |𝑠𝑢 |] (12)

4.3 Soft-attention Mechanism
After encoding the two constructed graphs from user’s previous
visiting history, we introduce a soft-attention mechanism to better
aggregate the encodings according to current target POI 𝑣𝑡 . For ge-
ographical graph encoding 𝐻𝑔,𝑢 = [ℎ1, ℎ2, ..., ℎ |𝑠𝑢 |], we denote 𝑣𝑡 ’s
hidden representationℎ𝑡 as the query, the soft-attentionmechanism
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to generate geographical embedding 𝑒𝑔,𝑢 is formulated as:

𝑤𝑖 = 𝛼
⊤
𝑔 𝜎 (𝑄𝑔ℎ𝑡 + 𝐾𝑔ℎ𝑖 ) (13)

𝑒𝑔,𝑢 =

|𝑠𝑢 |∑︁
𝑖=1

𝑤𝑖ℎ𝑖 , (14)

where 𝜎 denotes sigmoid function, the attention vector 𝛼𝑔 ∈ R𝐷 ,
query and key matrix 𝑄𝑔, 𝐾𝑔 ∈ R𝐷×𝐷 are trainable parameters.
Similarly, for𝐻𝑠,𝑢 = [ℎ′1, ℎ

′
2, ..., ℎ

′
|𝑠𝑢 |], we take 𝑣𝑡 ’s initial embedding

𝑥𝑡 as query vector to generate sequential embedding 𝑒𝑠,𝑢 :

𝑤 ′𝑖 = 𝛼
⊤
𝑠 𝜎 (𝑄𝑠𝑥𝑡 + 𝐾𝑠ℎ′𝑖 ) (15)

𝑒𝑠,𝑢 =

|𝑠𝑢 |∑︁
𝑖=1

𝑤 ′𝑖ℎ
′
𝑖 , (16)

4.4 Self-supervised Disentanglement
Since the sequential and geographical effects have separate influ-
ences on next-to-visit POI, it is essential to disentangle the two
representations, 𝑒𝑔,𝑢 and 𝑒𝑠,𝑢 , from each other so that model could
fully utilize the information for CTR prediction. Inspired by pre-
vious work on self-supervised disentanglement learning [42], we
suggest obtaining proxies for both embeddings. Specifically, two
readout functions are applied to the outputs of the graph propaga-
tion layer. We choose mean pooling as readout function to apply
to both geographical neighbors and user’s previous visited POIs to
generate two proxies for 𝑒𝑔,𝑢 and 𝑒𝑠,𝑢 . Formally, we have:

𝑝𝑔,𝑢 = READOUT({𝑥 𝑗 |𝑣 𝑗 ∈ N𝑠𝑢 }) =
1∑

𝑣𝑖 ∈𝑠𝑢 |N𝑖 |
∑︁
𝑣𝑖 ∈𝑠𝑢

∑︁
𝑣𝑗 ∈N𝑖

𝑥 𝑗

(17)

𝑝𝑠,𝑢 = READOUT({𝑥𝑖 |𝑣𝑖 ∈ 𝑠𝑢 }) =
1
|𝑠𝑢 |

∑︁
𝑣𝑖 ∈𝑠𝑢

𝑥𝑖 , (18)

which conduct mean pooling on 𝑠𝑢 ’s one-hop geographical neigh-
bors N𝑠𝑢 and 𝑠𝑢 respectively. Since 𝑝𝑔,𝑢 and 𝑝𝑠,𝑢 are readout from
two different graphs, it’s reasonable to assume that each proxy car-
ries representative information of its corresponding graph features.
To be specific, we assume that 𝑝𝑔,𝑢 carries abundant information
about the user’s geographical preference, while 𝑝𝑠,𝑢 carries infor-
mation about the user’s historical interests.

Before the embeddings and their proxies were sent to generate
self-supervising signals, we design projection heads for each disen-
tangled representations following previous work [2]. To formulate,
the projected representations are calculated as:

𝑒 ′𝑔,𝑢 = proj𝑔 (𝑒𝑔,𝑢 ), 𝑝 ′𝑔,𝑢 = proj𝑔 (𝑝𝑔,𝑢 ) (19)

𝑒 ′𝑠,𝑢 = proj𝑠 (𝑒𝑠,𝑢 ), 𝑝 ′𝑠,𝑢 = proj𝑠 (𝑝𝑠,𝑢 ), (20)

where proj𝑔, proj𝑠 : R𝐷 → R𝐷 are linear transformations with
trainable parameters. The projection heads project the embeddings
into another latent space where information from different aspects
can be easily clarified.

We treat the projected pooling representations, 𝑝 ′𝑔,𝑢 and 𝑝𝑠,𝑢′
as hidden proxies for 𝑒 ′𝑔,𝑢 and 𝑒 ′𝑠,𝑢 , which brings supervising sig-
nals for self-supervised disentanglement. In other words, the two
proxies serve as positive samples for the corresponding embedding,

while serving as negative samples for each other. With the above
assumption, we introduce the following contrastive loss:

Lcon = 𝑓 (𝑒 ′𝑔,𝑢 , 𝑝 ′𝑔,𝑢 , 𝑝 ′𝑠,𝑢 ) + 𝑓 (𝑒 ′𝑠,𝑢 , 𝑝 ′𝑠,𝑢 , 𝑝 ′𝑔,𝑢 ), (21)

where 𝑓 (·) denotes the Bayesian Personalized Ranking loss [21].
Formally, we have:

𝑓 (𝑎, 𝑝, 𝑞) = Softplus(⟨𝑎, 𝑞⟩ − ⟨𝑎, 𝑝⟩), (22)

where ⟨·, ·⟩ denotes the inner product of two given representations.

4.5 Location-based CTR Prediction Layer
4.5.1 Model Prediction. After obtaining the disentangled embed-
dings of the user’s visiting history 𝑒𝑔,𝑢 and 𝑒𝑠,𝑢 , we concatenate
the embeddings with target 𝑣𝑡 ’s embedding 𝑥𝑡 and geographical
representation ℎ𝑡 . A 2-layer MLP is applied to predict the click-
through rate of 𝑣𝑖 , i.e. 𝑦, which is a common practice in CTR pre-
diction [43, 44]. Formally, 𝑦 is calculated by:

𝑦 = 𝜎 (MLP(CONCAT(𝑒𝑔,𝑢 , 𝑒𝑠,𝑢 , 𝑥𝑡 , ℎ𝑡 ))) (23)

4.5.2 Target Function and Curriculum Learning. Given the label 𝑦,
we adopt binary cross-entropy loss for supervised CTR prediction,
which is formulated as:

Lrec = −
∑︁
(𝑢,𝑣)

𝑦 log𝑦 + (1 − 𝑦) log(1 − 𝑦) . (24)

After adding the disentangled constraint to the model, we have the
overall model loss:

L = Lrec + 𝛽 ∗ Lcon, (25)

where 𝛽 is the weight of disentanglement. To optimize the model,
we propose a curriculum learning method to have the training
process follow an easy-to-difficult process. To be specific, we train
the model with a warm-up procedure by dynamically increasing
the weight of the contrastive loss:

𝛽 = max{𝛼,𝛾 ∗ 𝑘}, (26)

where 𝛼 and 𝛾 are hyper-parameters, 𝑘 denotes the current curricu-
lum number. Under curriculum training, the strength of disentan-
glement would increase to the maximum.

5 EXPERIMENT
In this section, we conduct comprehensive experiments on three
real-world location-based recommendation datasets to answer the
following research questions:

RQ1: How does the proposed DisenPOI perform compared with
the current state-of-art baseline methods on location-based CTR
predictions? How can DisenPOI alleviate the data sparsity issue
with the help of disentangled information?

RQ2: Is the idea of disentangling geographical and sequential
influence necessary to achieve a promising model performance?
What are the influences of the different hyper-parameters?

RQ3: How effectively does DisenPOI disentangle POI represen-
tations? Can DisenPOI recommend POIs with marked geographical
structure as expected?
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Table 1: Descriptive statistics of our three datasets.

Dataset #User #POI Interactions Avg.SeqLen

Tokyo 2,293 61,858 573,703 250.20

New York 1,083 38,333 227,428 210.00

Meituan 164,855 5,077 470,095 2.85

5.1 Experimental Setup
5.1.1 Evaluation Datasets. We conduct experiments on three real-
world datasets collected from two platforms, namely Foursquare [39]
andMeituan to evaluate the proposedmodel. The detailed statistics
of the three datasets are presented in table 1.
(1) Foursquare1: It contains two subsets, which are users’ check-in

records collected in Tokyo and New York City respectively from
12 April 2012 to 16 February 2013. There are 573,703 check-ins
in Tokyo dataset and 227,428 check-ins in New York City (NYC).

(2) Meituan: It is a dataset drawn from Meituan users’ check-ins
to restaurants from 7 July 2021 to 20 July 2021. We collect the
records in Shanghai, which has 470,095 check-ins, with 164,855
users and 5,077 POIs included.
We sort the recorded user interactions in each dataset in chrono-

logical order. All visited POIs and the corresponding previous visit-
ing subsequences make up the positive samples. For each positive
sample, we randomly select one of the user’s unvisited POIs as
the negative sample. The last interaction of each user is reserved
for evaluation, while the remaining part is used for training. The
evaluation set is then randomly split into two equal-sized subsets
as test and validation set respectively.

5.1.2 Baselines. To demonstrate the effectiveness of the proposed
DisenPOI, we compare it with three classes of baselines: (A) Tradi-
tional sequence-based methods; (B) Graph-based methods; and (C)
Location-based methods which leverage geographical information.
• DIN[44] (A): a classical method for sequence-based CTR predic-
tion that uses target attention for user’s context embedding.
• DIEN[43] (A): a variant of DIN which leverages GRUs to capture
the evolution of user interest.
• SR-GNN[36] (B): a graph-based method that models user’s in-
teraction history as session graphs.
• NGCF[30] (B): a graph-based method that applies GNN on the
user-item interaction graph.
• LightGCN[10] (B): a variant of NGCF. It’s one of the state-of-art
methods for graph-based recommendation.
• GeoIE[28] (C): one of the state-of-art location-based recommen-
dation methods, which takes the influence of geographical loca-
tion and distance into consideration.
• LSTPM[24] (C): an LSTM-based method that proposes the geo-
dilated LSTM to model geographical effect.
• GSTN[35] (C): a location-based graph recommendation model
that optimizes the spatial-temporal similarities between POIs.
Since we have constructed training and evaluation set with posi-

tive and negative samples, we adopt AUC and Logloss as evaluation

1https://sites.google.com/site/yangdingqi/home/foursquare-dataset

Table 2: The performance of DisenPOI (Ours) and other base-
line methods over three datasets. ★ indicates DisenPOI out-
performs the best POI at p-value<0.05 level, unpaired t-test.

Model Tokyo NYC Meituan

AUC↑ Logloss↓ AUC Logloss AUC Logloss

DIN 0.8623 0.4174 0.8015 0.5203 0.5596 0.6920
DIEN 0.8643 0.4544 0.8062 0.5582 0.5591 0.6891

SR-GNN 0.8867 0.4481 0.8491 0.5262 0.5751 0.6844
NGCF 0.8899 0.4436 0.8461 0.4788 0.5698 0.6857

LightGCN 0.8998 0.4348 0.8729 0.4815 0.5682 0.6859

GeoIE 0.9083 0.4203 0.8769 0.4810 0.5431 0.6926
LSTPM 0.8745 0.4374 0.8568 0.4821 0.5637 0.6867
GSTN 0.8906 0.4312 0.8521 0.5323 0.5807 0.6845

Ours 0.9246★ 0.3608★ 0.8941★ 0.4248★ 0.5823★ 0.6836★

metrics, which is a common practice in CTR prediction [43, 44].
The experiment results on three datasets are shown in table 2.

5.1.3 Implementation Detail. We implement our DisenPOI and all
baselines in Pytorch. The embedding size is fixed to 64. While some
of the above baseline models are not intended for CTR prediction,
we apply the same-sized 2-layer MLP on the backend of each model
to compare their performances on CTR prediction on an equal
basis. For DisenPOI, we set hyper-parameters 𝛼 = 0.2, 𝛾 = 0.004 for
training and evaluation and we use 2 layers of GNNs on both graph
modules. The distance threshold Δ𝑑 is set to 1kmwhen constructing
geographical graphs. All models are optimizedwith Adam optimizer
with the learning rate 𝑙𝑟 = 0.001. Our implementation is publicly
available at https://github.com/Fang6ang/DisenPOI

5.2 Performance Comparison (RQ1)
5.2.1 Overall Comparison. As shown in table 2, methods that lever-
age geographical information (GeoIE, LSTPM, GSTN, and DisenPOI)
generally outperform other models, which is a reasonable result
since the high relativity between user’s check-in history and POIs’
geographical locations in location-based recommendation tasks.
The proposed DisenPOI outperforms all of the state-of-art baselines
with a significant improvement. In particular, the testing AUC is
improved over the strongest baseline w.r.t AUC by 1.7%, 2.0%, 0.3%;
Logloss by 1.3%, 1.1%, 0.2% in Foursquare Tokyo, Foursquare
NYC andMeituan respectively. The result shows that DisenPOI
achieves the best performance on CTR prediction task.

5.2.2 Performance on Cold-start Recommendation. To investigate
whether the idea of disentangling sequential and geographical in-
fluence behind visitings can help to alleviate the cold-start issue, we
randomly divide each user’s visiting sequences into five folds, cor-
responding to 20%, 40%, 60%, 80%, and full train set. The experiment
results are illustrated in Figure 3. We can observe that:

• Generally, location-based methods (DisenPOI, GeoIE) can better
alleviate the cold-start issue, which indicates that geographical
information is essential when dealing with sparse interactions.
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Figure 3: Model performance under cold-start settings.
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Figure 4: Analysis of the dual graph module of DisenPOI.

• DisenPOI outperforms all baselines under each setting, showing
its capability of learning effective representations on sparse data.
Specifically, DisenPOI gains more advantages when the training
data is rather sparse (under 60%).

5.3 Analysis of DisenPOI (RQ2)
We conduct ablation studies to figure out the functionality and ef-
fectiveness of each part in DisenPOI. The following ablation studies
are carried out on two Foursquare datasets.

5.3.1 Effectiveness of Dual Graphs. To analyze how DisenPOI uti-
lizes the graph data from both geographical and sequential per-
spectives, we evaluate the model performance under three different
settings: the original model, the model without geographical graph
(w/o geo-graph), and the model without sequential graph (w/o sess-
graph). Since the POI graph G𝑔 is built based on a specified distance
threshold Δ𝑑 , we adjust its value between 0.2 km and 1.2 km to
analyze the model’s sensitivity to G𝑔 . Figure 4 shows:
• The outputs of both graph modules play different roles to make
recommendations. Whenever removing a type of graph, the
model performance declines significantly.
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Figure 5: Ablation study of GNN layer on Foursquare Tokyo.
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Figure 6: Performance under different contrastive settings.

• When the distance threshold Δ𝑑 increases, the density of G𝑔
(average node degree) increases correspondingly, the model per-
formance increase to the optimal and then suffer from a decline.
A reasonable Δ𝑑 is 1km, which is close to real world situations.

5.3.2 Difference Between Graph Propagation Methods. As we have
proposed two different graph propagation methods for different
types of graphs respectively, we investigate the effectiveness of
the proposed graph propagation layers. To be specific, we compare
model performance when the number of propagation layers is set
from 0 (w/o GNN) to 3. We also compare the performance when
the GNN layers are replaced by graph convolution networks (i.e.
GCN[13]). Based on the results shown in Figure 5, we have:
• It’s important to design specific GNN structures for different
graph topologies. Since we adapt two different types of GNNs
to better capture the geographical and sequential influence, the
model performance would decline once the graph propagation
layers are replaced with plain GCNs.
• The model achieves its best performance when 2 GNN layers are
used, under which setting the model could leverage high-order
connectivity of POI nodes on the graph. When there is no GNN
layers or the layer amount larger than two, the model would
suffer from degenerating or over-smoothing issue of GNNs.

5.3.3 Influence of Disentanglement And Curriculum Learning. The
contrastive loss Lcon in the proposed model serves as a constraint
on the model to ensure the similarity between the corresponding
graph embeddings and the disentanglement between different types
of graph embeddings. To figure out the effectiveness of Lcon, we
compare the model performance with different contrastive weight
𝛼 from 0 (w/o contrastive loss) to 2.0. Since the curriculum learning
method is applied so that the model converges to a better solu-
tion, we compare the model performance under three curriculum
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Figure 7: Visualizations of graph encodings and geographical
distribution of recommended POIs.

settings: our original model, DisenPOI without curriculum learn-
ing (with fixed 𝛼), and DisenPOI with 𝛼 randomly set under each
curriculum step. We conduct the ablation experiments on Tokyo
dataset and the results are illustrated in Figure 6. We observe that:

• The contrastive loss improves model performance since the dis-
entangled influence of location and history sequence can be fully
utilized to make a prediction. Entangled representations would in-
fluence the CTR prediction layer to make a biased or sub-optimal
prediction. Generally models with larger 𝛼 perform better, before
suffering with an extreme 𝛼 (greater than 1.0).
• It is necessary to train the model in an easy-to-difficult process
to achieve better performance. The models trained with fixed or
random 𝛼 are both likely to converge to a sub-optimal solution
instead according to Figure 6b.

5.4 Visualization and Case Study (RQ3)
5.4.1 Visualization of Model Output. To further investigate how
the proposed DisenPOI disentangles the hidden representation of
POIs, we visualize the representations of user’s check-in sequences
on the evaluation set. The encodings of visiting sequences are trans-
formed via the t-SNE [25] method. The result shown in Figure 7a
and 7b illustrates the effect of disentanglement. To be specific, en-
codings of sequential and geographical graphs form rather clearer
cluster structures compared with the model withoutLcon. The com-
parison indicates that with the contrastive constraint brought by
Lcon, DisenPOI successfully clarifies different types of embeddings
and encodes two graphs into disentangled latent spaces.

To demonstrate the effectiveness of the proposed location-based
idea, we illustrate in Figure 7c by comparing the distance between
target POIs in the evaluation set and the predictions made by Dis-
enPOI and DIN. It shows that DisenPOI does a better job in recom-
mending POIs that are close to the target than traditional methods.

Table 3: Difference of top recommended POIs.

DisenPOI DIN
Distance(km) Category Distance(km) Category

0.310 Road 4.727 Train Station
1.331 Café 3.908 Subway
0.780 Smoke Shop 0.981 Art Museum
2.971 Subway 5.800 Bridge
0.462 Gift Shop 2.544 Train Station

Average ACC Average ACC
2.41 29.6% 5.97 28.3%

5.4.2 Case Study. We randomly choose a user (488) who has a
visiting sequence with 148 POIs for detailed investigation. We com-
pare the top-100 recommended POIs of DisenPOI and DIN for the
selected user (488) in Figure 7d. POIs visited by the user are marked
with green circles, while POIs recommended by DisenPOI and DIN
are marked with blue and red circles respectively. It can be observed
that the POIs recommended by DisenPOI are generally closer to
the selected user’s visiting trajectory than POIs recommended by
DIN, which shows the effectiveness of modeling location-based
influence with a geographical POI graph.

To make an intuitive comparison, we compare the top scored
POIs recommended by DisenPOI and DIN in Table 3. We first list the
distance and categories of top-5 recommended POIs, then the aver-
age distance and accuracy on the category of top-50 recommended
POIs. It can be observed that DIN pays more attention to other
features of the target POI, such as its category (e.g. train station)
and functionality (e.g. transportation), while DisenPOI considers
both geographical influence and POI’s functionality when making
recommendations. The results shows that the ignorance of geo-
graphical effects will cause models to recommend POIs that share
similarities with user interests but at a rather far distance, which is
less likely to be visited next. By contrast, DisenPOI would prefer
a similar POI within a short distance from user’s current location,
which helps it to make more reasonable recommendations.

6 CONCLUSION
In this paper, we propose DisenPOI, a dual-graph model that disen-
tangles sequential and geographical influence for Point-of-Interest
recommendations. We construct a pair of a sequence-based graph
G𝑠,𝑢 and a location-based graph G𝑔,𝑢 to model the disentangled se-
quential and geographical factor behind a visit. We use customized
graph propagation schemes for accurate delineation of different
semantics on both graphs and leverage contrastive loss to achieve
disentanglement. Experiments on three datasets demonstrate the
effectiveness and expressiveness of DisenPOI to disentangle sequen-
tial and geographical influence on location-based CTR prediction.
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