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Information-Overload Era

“ Information-overload in Internet
% Weibo: >0.5B posts/day
% Flickr: >0.3B images/day
*» Taobao: >1B products
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Effective/Efficient information filtering=>Recommender System



Recommender System

» Overview of Recommender System
> Stages

» Matching (collaborative filtering), ranking
» Scenarios

» Social, Sequential, Session, Bundle, KG-Based, etc.

» Objectives

» Accuracy, multi-behavior, diversity, explainability, fairness, etc.



Recommender System

» Stages
» Matching: recall items from all-item pool

» Collaborative-filtering models
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Recommender System

» Collaborative filtering

items
1 0 0 1
0 1 0 0
users
1 1 0 0
1 0 0 1

0/1 Interaction matrix

* Implicit CF

* Application: e-commerce, ads, etc.

e Data: an interaction matrix

e Task: estimate positive position

 Measurement: Ranking metrics
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Rating matrix
Explicit CF

Application: movie, POI, etc.
Data: a rating matrix (e.g. 1-5)
Task: estimate ratings on unknown positions

Measurement: Regression metrics
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Recommender System

» Stages
» Ranking: rank items from matching stage’s output

» Feature-based Recommender Models / CTR
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Recommender System

> Feature-based Recommender Models

» Also known as Click-Through Rate Prediction

» Input: user/item attributes (ID can regarded as a
kind of attribute)

V4 / Output Units /S

g 9 @9 ol =/ v/
Hidden Layers

&4 &4 < 4 v/ v 4

Dense
| X ) X J Embeddings @ @ o0
Sparse Features
Wide Models Wide & Deep Models Deep Models

Figure from:
Cheng, H. T et al. Wide & deep learning for recommender systems. In Proceedings of the 1st workshop on deep
learning for recommender systems 8



Recommender System

» Scenario: social recommendation
» Definition: Improve recommendation with social network
» Social-trust assumption: friends tend to have similar interests

» Input: user interaction data + social relation data

» Output: user-item interaction probability

Users

/
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Social Recommendation Traditional Social RecSys v.s Social E-Commerce RecSys, such as Pinduoduo

Figures are from:
Wu et al. DiffNet++: A Neural Influence and Interest Diffusion Network for Social Recommendation. TKDE 2020
Lin et al. Recommender Systems with Characterized Social Regularization. CIKM 2018 ?



Recommender System

» Scenario: sequential recommendation

» Definition: predict user’s next interaction based on
historical sequential interactions

» Input: user-item interactions at timestamps tq, to, ..., t,,

» Output: user-item interaction at timestamp t,;41

book sport necessity sport
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Recommender System

> Scenario: session-based recommendation

» Definition: predict next interaction based on anonymous
short sequences

» Input: anonymous behavior sessions

» Output: next interaction of a given session

» Difference with Sequential Recommendation
» Anonymous (No user ID)

» Repetitive items in one session

» Shorter (as is collected in a short period)



Recommender System

> Scenario: cross-domain recommendation
> Definition: recommendation with multi-domain datasets

» Improve the target domain’s performance with the auxiliary
domain

» Input: user-item historical interactions in multiple domains
» Output: user-item interaction probability at target domain(s)

» Challenges
> Different user behaviors
> Different data distribution

» No overlapped user/item



Recommender System

» Scenario: bundle/list recommendation

> Definition: Recommend a bundle that is made with
several items to user

» Input: user-item/bundle historical interactions

» Output: user-bundle interaction probability
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Recommender System

» Scenario: KG-based Recommendation
» Definition: Improve recommendation with KG
» Input: user-item interaction; knowledge graph

» Output: user-item interaction probability
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Recommender System

> Scenario: multi-behavior recommendation

»In today’s information systems, user can interact in multiple
kinds of forms

» Click, purchase, adding to cart, like, sharing, etc.
» Input: user-item interaction on multiple behaviors

» Output: user-item interaction probability on target behavior(s)

15



Recommender System

» Objective: accuracy (the most important)

» Generally, it can be understood the whether the recommended
items match with ground truth

» Top-K metrics

> Hit Ratio (HR), Recall, NDCG, MRR, etc.
» More metrics

» AUC, GAUC, Logloss, etc.

» Most existing recommender systems are designed towards
achieving high recommendation accuracy

» High accuracy — high CTR/CVR

— better user experience and higher business profit



Recommender System

» Objective: diversity

» Recommend diverse items to user while keeping high
recommendation accuracy

» Motivation: only pursuing high accuracy
— the recommendation list become redundant
— user can only be recommended certain categories of items

» Metrics (always defined on item category)
» Gini, entropy, coverage, etc.

» Accuracy should be also considered of course

T ¥ Y=

Q accurate but redundant accurate and diverse
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Recommender System

» Objective: explainability
» What to explain
» Two folds: explain 1) the model or 2) recommendation results
» How to explain the model
» Design explainable model
» Such as attention modules, explicit feature-interaction, etc.

» How to explain the results
» User/Item-based explanation (CF effect / Social-trust)
» Textual explanation (such as key words in reviews)

» Knowledge-graph based explanation (via meta-path in KG)



Recommender System

» Objective: fairness

» Motivation: users’ demand on to be fairly treated by RecSys

Can | be Can | be
treated fairly on treated fairly on
my gender? my age?
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Figure from Li et al. Personalized Counterfactual Fairness in Recommendation, SIGIR 2Q21



Recommender System

» Obijective: privacy
»When and where the privacy is highly concerned
» Data collection: recommender may be the attacker

» Data/model sharing: target company may be the attacker

» Model/Results public-release: any third-party may be the attacker

» Representative solutions

» Transferring/sharing nosensitive model parameters
» Distributed machine learning model
» Sharing item-side information

» Data protection mechanism

» Data perturbations such as differential privacy-based ones

» Federated learning
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Graph Neural Networks

» A message-passing-framework perspective
» Node embedding updated by neighbors
» K-layer GNN access K-hop neighbors
» Named “Neighborhood propagation/aggregation”

» Representative variants of GNN
» Spectral : GCN

H*!' = §(D :AD :H'W')
» Spatial: GraphSage (GAT, etc.)

h), = AGGREGATE, ({h},Vj € N}}).
hi*! =6 (W' [hi|h}.]).



Graph Neural Networks

> Pro: Node feature + structural information

» Embeddings contain 1) own features 2) neighbors’ features

> Keys
» Where to deploy GNN layers
» Design of propagation/aggregation layer
» Depth of GNN layers

> Possible Cons

» Over-smoothing, computational cost, etc.
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Motivation: Why GNN are needed for RecSys

» High-order connectivity

» Supervision signal

> Structured data



Motivation: Why GNN are needed for RecSys
» High-order connectivity

» Recommender systems rely on capturing similarity

» User-user (User-CF), item-item (Item-CF), user-item (Model-CF)

» GNN extends similarity to high-orders

» Connectivity among high-order neighbors

» Besides, data sparsity issue is weII addressed
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Figures are from:
Wang et al. Neural Graph Collaborative Filtering, SIGIR 2019



Motivation: Why GNN are needed for RecSys

» Supervision signal

» Users’ feedback can be sparse
» Semi-supervised signal in GNN learning
» Users’ feedback can be various

» Well handled by various-form graph (nodes and edges)
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Figures are from:

Jin et al. Multi-behavior Recommendation with Graph Convolutional Networks, SIGIR 2020 ,



Motivation: Why GNN are needed for RecSys
» Structured data

» The input of today’s recommender system is always structured

» Can be utilized to construct graph

» Learning from not only features but also structural information

» Structural reveals implicit signals that cannot be learned by traditional
works

» GNN’s strong power to learn from graph-structured data
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Figure from: 5
Wang et al. KGAT: Knowledge Graph Attention Network for Recommendation, KDD 2019



Challenges of GNN-based RecSys

» Graph construction

» Message propagation and aggregation

» Model optimization



Challenges of GNN-based RecSys

» Graph construction
» Node / edge definition
» Heterogeneous/Homogenous
» Distinguish more/less important, and even noisy data

» Handle graph scale to balance efficiency and utility

» Sampling, filtering, pruning, etc.

» Most importantly, the graph must match the ,IA(‘ey to the problem
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Sequential Recommendation

. Session-based Recommendation
Figure from:

Chang et al. Sequential Recommendation with Graph Neural Networks, SIGIR 2021 7
Wu et al. Session-based Recommendation with Graph Neural Networks, AAAI 2019



Challenges of GNN-based RecSys

» Message propagation and aggregation
» How to propagate

» Neighbor set (uniform/attentional)
» Path/Width

» Propagation operations

» How to aggregate
» Utility & Efficiency

» Aggregation operations
» Propagate-aggregate Depth
» Model optimization

» Optimization goal / loss function / data sampling / others



