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Recommendation System (Collaborative Filtering)
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Things of a kind come together.



Recommendation System (Collaborative Filtering)

◆ CF Encoder

(1) Matrix factorization(MF)-based methods. 

(2)Autoencoder-based methods.

(3) GNN-based methods. 

◆ Loss Functions

(3)Bayesian personalized ranking (BPR): 𝐿𝑏𝑝𝑟 = −log(𝜎(𝑒𝑢
𝑇𝑒𝑖 − 𝑒𝑢

𝑇𝑒𝑗))

(1)Binary cross-entropy (BCE)

(2)Mean square error (MSE)



Graph base CF

Let 𝑼 and 𝑰 be the set of users and items respectively.

Let 𝑹 = {𝒓𝑢𝒊= 1 𝑜𝑟 0 |𝑢 ∈ 𝑼, 𝑖 ∈ 𝑰} be the interactions matrix.

Construct a bipartite graph 𝑮 = (𝑽, 𝑬), where 𝑽 = 𝑼 ∪ 𝑰 , 𝑬 = 𝑹~

𝒆(𝑙) = 𝑯 𝒆(𝑙−1), 𝐺

𝒆𝑢 = 𝑓𝑟𝑒𝑎𝑑𝑜𝑢𝑡({𝒆𝑢
𝑙
|𝑙 = 0,… , 𝐿 }), ො𝑦𝑢𝑖 = 𝒆𝑢

𝑇𝒆𝑖

ℒ𝑚𝑎𝑖𝑛 = 

(𝑢,𝑖,𝑗)∈𝑅

−𝑙𝑜𝑔𝜎(ො𝑦𝑢𝑖 − ො𝑦𝑢𝑗)



Graph based CF (LightGCN-2020)
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Contrastive Learning for Graph based CF  (SGL-2021)

BPR Loss:

CL Loss:

Joint Learning:

Node Dropout (ND).

Edge Dropout (ED).

Random Walk (RW).



Part1: Is Graph Aug necessary for Recommendation 

InfoNCE Loss Influences More



CL Makes Alignment and Uniformity



Part2: A Simple Graph CL For Recommendation

where

 Add uniform noise to the embedding space.



Part2: A Simple Graph CL For Recommendation

 Verify the uniform property.



Results

 SimSGL VS SGL



Results

 SimSGL VS Other SOTA

 Running Time



Ablation Study

Different Kind of Noise



Recent Work

Homogeneity Neighbors Embedding 𝐸′

High level Structure Embedding 𝐸

Max mutual information (CL)



Recent Work

𝐸0 𝜖 𝑅 𝑈 + 𝑉 ∗𝑑

𝐴 =
0 𝑅
𝑅^ 0

, 𝐴~ = 𝐷−1/2 𝐴 𝐷−1/2

Initial embedding (parameter to be learned)

Adjacency matrix

𝐸′ = 𝐸2 + 𝐸4 +⋯ = 𝐴~ 𝐴~𝐸0 +⋯
User/item Homogeneity Neighbors Embedding

𝐸 = 𝐸0 + 𝐸1 +⋯+ 𝐸𝐿

LightGCN Encoder High Level Embedding



u∈𝑈

−𝑙𝑜𝑔
exp(cos 𝑒𝑢

′ , 𝑒𝑢 /𝜏)

σ𝑗∈𝑈 𝑒𝑥𝑝(cos(𝑒𝑢
′ , 𝑒𝑗)/𝜏) CL Loss

= 𝐸0 + 𝐴~𝐸0 + 𝐴~ 𝐴~𝐸0 + 𝐴~ 𝐴~ 𝐴~𝐸0 +⋯



Denoise part

𝑤𝑢𝑖 = (cos 𝑒𝑢
′ , 𝑒𝑖 + 1)/ 2

𝑤 = 𝑤 ∗ (𝑤 > 𝜃)

𝐴 = 𝑤 𝐴

𝑤𝑡 = 𝑤𝑡−1 ∗ 𝛽 + 𝑤 ∗ (1 − 𝛽)

Momentum update:

Algorithm1 

INPUT:  𝐴, 𝐺𝐶𝑁 encoder, embedding 𝐸0

1. For  e in epochs:

2.           Calculate denoise weight 𝒘

3.           Let 𝑨 = 𝒘 𝑨

4.           𝑬, 𝑬′ = 𝑮𝑪𝑵(𝑬𝟎, 𝑨)

5.           Calculate 𝑳𝒃𝒑𝒓 𝑙𝑜𝑠𝑠 with 𝑬

6.           Calculate 𝑳𝒄𝒍 loss with 𝑬 and 𝑬′

7.           𝑳𝒐𝒔𝒔 = 𝑳𝒃𝒑𝒓 + 𝝀 ∗ 𝑳𝒄𝒍



Result

Methods clean epochs R@10 R@20 R@50 N@10 N@20 N@50 valid

lightgcn clean 1000(10) 0.1822 0.2748 0.4382 0.2569 0.2659 0.3109 0.2053

SGL clean 1000(10) 0.1851 0.2777 0.441 0.2598 0.2689 0.3147 0.2091

NCL clean 1000(10) 0.1987 0.2976 0.463 0.2775 0.2876 0.3331 0.2204

SimSGL clean 1000(10) 0.2011 0.3019 0.4693 0.2779 0.2889 0.3356 0.2233

Demo_v1 clean 1000(10) 0.203 0.3035 0.47 0.2809 0.2912 0.3372 0.226

lightgcn noise 1000(10) 0.1676 0.2552 0.4123 0.2457 0.2526 0.295 0.1953

SGL noise 1000(10) 0.1784 0.2683 0.4261 0.2553 0.2629 0.3061 0.2066

NCL noise 1000(10) 0.1925 0.2895 0.4506 0.2712 0.2805 0.3244 0.2199

SimSGL noise 1000(30) 0.1721 0.2576 0.4103 0.2425 0.2496 0.2921 0.1988

Demo_v2 noise 1000(10) 0.1971 0.2908 0.4514 0.2739 0.2818 0.3257 0.2193

ML-1M



Result

Yelp

Methods clean epochs R@10 R@20 R@50 N@10 N@20 N@50 valid

lightgcn clean 1000(10) 0.0733 0.1153 0.2018 0.0572 0.0709 0.0953 0.0572

SGL clean 1000(10) 0.0866 0.1305 0.218 0.0703 0.0844 0.109 0.0691

NCL clean 1000(10) 0.0907 0.1347 0.2177 0.073 0.0872 0.1107 0.0711

SimSGL clean 1000(10) 0.0877 0.1365 0.2277 0.0697 0.0855 0.1122 0.0675

Demo_v1 clean 1000(10) 0.0886 0.1327 0.2166 0.0717 0.086 0.1097 0.0704

SGL noise 1000(10) 0.0783 0.1214 0.2056 0.0632 0.0771 0.1008 0.0629

NCL noise 1000(10) 0.0779 0.1182 0.1964 0.0623 0.0754 0.0975 0.0618

SimSGL noise 1000(30) 0.079 0.1242 0.2142 0.0622 0.0769 0.1021 0.0616

Demo_v2 noise 1000(10) 0.0845 0.1272 0.2102 0.0688 0.0825 0.1059 0.0677



Thanks


