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Motivation
 Data sparsity and cold-start issues
➢ KG provides rich semantic information about Items

 Poor explainability of recommendation results
➢ KG improves the accuracy and interpretability
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Knowledge-aware Recommendation!

Motivation
General steps of existing methods
a) Modeling both user-item interactions and KG in Euclidean space.
b) Considering the relations are of equal importance in KG.
c) Designing the KG-oriented item aggregation schemes.

Two important facts.
➢ Hierarchical structures and relations.
➢ High-order collaborative signals of items.
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Related Work
 Embedding-based methods
➢ Directly embed entities and relations in KG to serve as item embedding
in recommendation.
➢ Drawbacks: fail to capture high-order dependence of user-item relations.
 Path-based methods
➢ Define meta-paths in KG, and then connect items and users to discover
long-range connectivity for recommendation.
➢ Drawbacks: time-consuming and poor generalization.

 Propagation-based methods
➢ Iteratively perform heterogeneous information aggregation mechanism

from neighborhood nodes.
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Preliminaries
 Problem Statement
➢ User-Item Bipartite Graph 𝒢𝑏 = {(𝑢, 𝑖) ∣ 𝑢 ∈ 𝒰, 𝑖 ∈ ℐ}
 𝒰 is the set of users, ℐ is the set of items, (𝑢, 𝑖) pair indicates that user 𝑢

has interacted with item 𝑖.
➢ Knowledge Graph 𝒢𝑘 = {(ℎ, 𝑟, 𝑡) ∣ ℎ, 𝑡 ∈ ℰ, 𝑟 ∈ ℛ}
 Let 𝒯 be the triplet set, ℰ be a set of entities, and ℛ be the relation set
 Triplet (ℎ, 𝑟, 𝑡) ∈ 𝒯 means that there is a relation 𝑟 between head entity ℎ

and tail entity 𝑡.
 Assume all the items appear in KG as entities (i.e., ℐ ⊂ ℰ).
➢ Task Description
 Given a user-item graph 𝒢𝑏 and a KG 𝒢𝑘 , our task of knowledge-aware

recommendation is to predict how likely that a user would adopt an item that
she has never engaged with.

Preliminaries
 Hyperbolic geometry
➢ PoincaréBall & Tangent Space
𝔹=

1

𝑥1 , … , 𝑥𝑛 : 𝑥12 + ⋯ + 𝑥𝑛2 < 𝑐

 in ℝ𝑛 . The tangent space 𝒯𝐳 𝔹 at point 𝑧 on 𝔹 is a 𝑛-dimensional Euclidean

space that best approximates 𝔹 around 𝑧.
➢ Exponential Map & Logarithmic Map
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where ⊕ represents Möbius addition:
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 the exponential map can map the tangent space 𝒯𝐳 𝔹 to the hyperbolic space
𝔹, and the logarithmic map maps 𝔹 to 𝒯𝑧 𝐵 conversely.
exp𝐳 (𝐱) = 𝐳 ⊕ tanh
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Overview
 HAKG framework
➢ Component 1: Hierarchy-Aware Modeling
 Embed users and items as well as entities and relations in hyperbolic space.
 Hyperbolic Relation-Transitive Aggregation.
 Angle Constraint of Hierarchical triplets.

➢ Component 2: Gated Aggregation with Dual embeddings
 Collaborative Aggregation for Items.
 Information Gated Aggregation for Users.
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Hierarchy-Aware Modeling
 Hyperbolic Relation-Transitive Aggregation
➢ Integrate information from each connection (𝑖, 𝑟, 𝑒) in hyperbolic space,
and preserve the relation dependencies.
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 Angle Constraint of Hierarchical triplets
➢ Hyperbolic cone forms a nested structure in embedding space, and the
width of the cone can indicate the "attribute" semantics of embeddings.
Cone width:
Angle:
Angle loss:
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Gated Aggregation with Dual embeddings
 Collaborative Aggregation for Items
➢ Initialize new item representation to collaborative information.
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 Information Gated Aggregation for Users
➢ A fusion gate to control the combination of two different types of
semantic item representation.
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Experimental Evaluation
 Datasets
➢ Alibaba-iFashion, Yelp2018 and Last-FM are widely adopted in the

state-of-the-art methods, and vary in terms of domain, size and sparsity.

 Competitors
➢ 9 state-of-the-art methods, including KG-free methods, embedding-based

methods, propagation-based methods and hyperbolic-based methods.

 Metrics
➢ Recall@20, NDCG@20.

Experimental Evaluation (Cont.)
 Overall results of HAKG

➢ HAKG consistently yields the best performance on all datasets.
➢ HAKG achieves significant improvement even over the strongest baselines w.r.t.
ndcg@20 by 15.43%, 8.21%, and 9.79% in Alibaba-iFashion, Yelp2018, and LastFM, respectively.

Experimental Evaluation (Cont.)
 Ablation Study
Impact of angle loss and gated aggregation

➢ The absence of the angle constraint and gated aggregation dramatically
degrades the performance.
Impact of hierarchical modeling

➢ The performance degrades for all three datasets when we remove the
hyperbolic geometry for HAKG.
➢ The hierarchical types of KG relations are not explicitly available.

Experimental Evaluation (Cont.)
 Ablation Study
Impact of dual item embedding

➢ Discarding the collaborative item embeddings would consistently degrade
the performance cross three datasets.
Impact of the number of layers 𝐿

➢ HAKG is less sensitive to the model depth, compared with other propagationbased methods.

Experimental Evaluation (Cont.)
 Hierarchies Visualization
➢ We first train HAKG with two-dimensional embeddings on the Alibaba-iFashion
dataset, and separately analyze the hierarchies that exhibit in 𝒢𝑏 and 𝒢𝑘 .
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➢ The left figure indicates a clear exponential trend that distance to the origin
increases exponentially for less popular items.
➢ The connectivities in the right figure show clear hierarchical relations between
entities.
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Conclusions
➢ A new perspective. We present knowledge-aware recommendation by

taking the hierarchy and high-order items’ collaborative signals into
consideration.
➢ Hierarchy-Aware. HAKG captures the underlying hierarchical structure

of data in hyperbolic space, and characterize items with hierarchical
relations in KG.
➢ Dual embeddings. HAKG employs dual item embeddings to separately

encode items' collaborative signals and knowledge associations, and
develops a gated mechanism to control discriminative signals towards
the users' behavior patterns.
➢ Extensive experiments. Considerable experimental results demonstrate

the superiority of HAKG.

Thank you !
Questions?
ytdu@zju.edu.cn
HAKG: Hierarchy-Aware Knowledge Gated Network for Recommendation
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