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Collaborative Filtering
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Collaborative Filtering
 Matrix Factorization
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Problem Definition

= Glven
» Set of users U € RN
= Set ofitems 7 € RM

» User-item interaction matrix R € RV*M
= Each entry r,; = 0 (otherwise) or 1 (there is interaction)

* Find
» Recommend top-K preference items for a user
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Motivations

* Limitation of existing methods:
* Do not fully explore the high-order connectivity
= Build the embedding function with the descriptive features(e.g., IDs or attributes) only

* NGCF(Neural Graph Collaborative Filtering)
= Can capture high-order connectivity information by using graph neural network
= Explicitly exploit the collaborative signal in the embedding function
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Motivations

* NGCF

= Can capture high-order connectivity information by using graph neural network
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Motivations

* NGCF

= Can capture high-order connectivity information by using graph neural network
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Motivations

* NGCF

= Explicitly exploit the collaborative signal in the embedding function
= Collaborative signal: latent in user-item interactions to reveal the behavioral similarity between users (or items)
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Embedding Layer

* Embedding look-up table
[U, V]T = ]R(N+M)Xd

= U € RV*4 : user embedding matrix
" ¢, € U :user embedding vector

IE:

= Ve RM*?:

J. Y. Choi. SNU

» d : embedding size

item embedding matrix
" ¢; €V :item embedding vector
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Embedding Propagation Layers

m Matrix Form KNGCF(HL is)
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Prediction Layer

* Final embedding Look-up table
= E* = EO|...||[ED = [U*, VT

= Model prediction

A~ . T
" Yneer(u, i) = e, e;

= ¢, € U*: Final user embedding vector

= e; € V" : Final item embedding vector _

" Loss function I S T SIS (=2

= Pairwise BPR loss : ji _: i i
Loss = Z(u,i,jeO) no_(yul Yu]) + ”6“2 : 3

™ 0={(u,i,j)|(u,i)ER+,(u,j)€R‘} OQO .QQ_. OQO.. ;.QO.I
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Experiment Results
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Table 1: Statistics of the datasets.

Dataset #Users | #Items | #Interactions | Density
Gowalla 29,858 | 40,981 1,027,370 | 0.00084
Yelp2018 31,831 | 40,841 1,666,869 | 0.00128
Amazon-Book | 52,643 | 91,599 2,984,108 | 0.00062

Table 2: Overall Performance Comparison.

Gowalla Yelp2018 Amazon-Book
recall ndcg recall ndcg recall
MF 0.1291 0.1878 0.0317 0.0617 0.0250 0.0518
NeuMF 0.1326 0.1985 0.0331 0.0840 0.0253 0.0535
CMN 0.1404 0.2129 0.0364 0.0745 0.0267 0.0516
HOP-Rec | 0.1399 0.2128 0.0388 0.0857 0.0309 0.0606
0.1960 0.0365 0.0812 0.0288 0.0551

GC-MC 0.1395

Z%Improv. | 10.18%
p-value 1.01e-4

12.88%
4.05e-3

8.05% 11.32%

2.00e-4 | 4.34e-2

3.96%
7.26e-3
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Experiment Results

» Effect of high-order connectivity

» The connectivity of users and items is well reflected in the embedding space
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Conclusion

= NGCF explicitly incorporated collaborative signal into the embedding function
* NGCF leverages high-order connectivity in the user-item interaction graph

» Experiments on the three real-world datasets demonstrate effectiveness of the
user-item interaction graph structure into the embedding learning process
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Reproduced Results
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nvironments setting(using conda, linux)
« GpuZt Y1, cudalt cudnnO| AX|E|ACtD 74

conda create -n ngcf

conda activate ngcf

conda install pytorch torchvision cudatoolkit=10.2 -c pytorch
conda install -c conda-forge tqgdm

conda install -c anaconda scikit-Tlearn

conda install -c anaconda scipy
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https://github.com/immabe/NGCF_pytorch

« HEH(cont.)
« Download code

git clone https://github.com/1immabe/NGCF_pytorch.git
* Train
- NGCF EHE 0|&
python NGCF_pytorch.py
« Train option &7
« NGCF/utility/ 2E 2| parser_pytorch.pyt| Al &7
. A A A

python NGCF_pytorch.py --dataset gowalla --regs [le-5] --embed_size 64 --layer_size [64,64,64] --1r 0.0001 --save_flag 1 -
-pretrain 0 --batch_size 1024 --epoch 400 --verbose 1 --node_dropout [0.1] --mess_dropout [0.1,0.1,0.1]

* Test
« O|2| train®t 2 & 0| NGCF_pytorch/NGCF/model 0| UZ

AN OO

python NGCF_pytorch.py --dataset gowalla --regs [le-5] --embed_size 64 --layer_size [64,64,64] --1r 0.0001 --save_flag 0 -

-pretrain 1 --batch_size 1024 --epoch 400 --verbose 1 --node_dropout [0.1] --mess_dropout [0.1,0.1,0.1] --pretrain_path
‘model/model_gowalla.pth’
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Reproduced Results

° AEI _Clél 7E:I NGCFch))fsoorlceh;: =
recall ndcg recall ndcg
Gowalla 0.1547 0.2237 0.1461 0.2780

Best Iter=[358]@[503407.2] recall=[0.14605], precision=[0.04416], hi1t=[0.51534], ndcg=[0.27798]

* NGCF: =20 MA[E 2d 21
« NGCF_pytorch: pytorchE N ._°._F NGCF

+ NGCF_pytorch7| =0 MA|= AOECE recall 2 2 5%HE SA IHHAZ| AL,
ndc?;Er OF 24% M E = M| St Ae Anro| k10| ofefer 2 o|RE=
« Tensorflow2t pytorchQ| 75449 X}0|
« NGCF_pytorch &2 oHHPE =3

« Sample&! train datalt test data2| XO|
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