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Overview

Collaborative similarity embedding (CSE) is a unified framework that
exploits comprehensive collaborative relations available in a user-
item bipartite graph for representation learning and recommendation.
It differentiate two types of proximity relations: direct proximity
and k-th order neighborhood proximity. While learning from the former
exploits direct user-item associations observable from the graph,
learning from the latter makes use of implicit associations such as
user-user similarities and item-item similarities, which can provide
valuable information especially when the graph 1s sparse.
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Performance

RATE-CSE and RANK-CSE denote two
versions of our method that employ X
respectively rating-based and ranking- §§§¥M]
based loss functions for user-item WARE [25]
assoclations. It can be observed that

our method achieves the best results
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K-0S [26]
BiNE [5]
coFactor [13]
CML [8]
WalkRanker [27]
in terms of both Recall@l® and mAP@10
for most datasets. Moreover, RANK-CSE
generally outperforms RATE-CSE 1in the
experiments, reconfirming that using a
ranking-based loss 1s indeed better
for datasets with binary implicit
feedbacks. Except for Frappe, RATE-CSE
or RANK-CSE achieves significantly
much better performance than the best
performing baseline methods.
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Table 2: Recommendation performance. The | symbol indicates the best performing method among all the baseline methods; “*’ and ‘%Improv’
denote statistical significance at p < 0.01 with a paired ¢-test and the percentage improvement of the proposed method, respectively, with
respect to the best performing baseline.
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The first figure shows that increasing the order k of modeling
neighborhood proximity between users or items improves the
performance in general. The second Figure shows how the
balancing parameter A affects performance. The last one shows
that the required total sample times for convergence 1s linear

with respect to |E].
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