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1.1. Introduction to Recommendation System

What is Recommendation System?
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1.1. Introduction to Recommendation System

What is Recommendation System?
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1.1. Introduction to Recommendation System

What is Recommendation System? - Contents based Filtering
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1.1. Introduction to Recommendation System

What is Recommendation System? - Collaborative Filtering (Based Memory)
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1.1. Introduction to Recommendation System

What is Recommendation System? - Collaborative Filtering (Based Memory)
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1.1. Introduction to Recommendation System
What is Recommendation System? - Collaborative Filtering (Based Model)
* Matrix Factorization
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1.2. Introduction to Sequential Recommender

What is Sequential Recommender
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1.2. Introduction to Sequential Recommender

What is Sequential Recommender
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1.2. Introduction to Sequential Recommender

What is Sequential Recommender
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2.1. Structure
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2.1. Structure
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2.2. Embedding Layer

Input Sequence
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2.2. Embedding Layer
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2.3. Self-Attention Layer
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2.3. Self-Attention Layer
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2.3. Self-Attention Layer

5

2

3 Query
2

4

5

2

3 Key
2

4

5

2

3 Value
2

4

N W D,

Vd

OIS & LIS itemS S AlEOIME REXS masking %23

m-}";

0= A|, item 12t 1124
Al item 1,2 118§ ..



2.3. Self-Attention Layer

Attention(Q, K, V) = softmax
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2.4. Point-Wise Feed-Forward Network
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2.5. Residual Connections & Dropout
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2.6. Prediction Layer
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2.7. Network Training
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Experiments



3.1. Datasets & Metrics

Datasets
avg. avg.
Dataset #users #items actions actions #actions
fuser /item
Amazon Beauty 52,024 57,289 7.6 6.9 0.4M
Amazon Games 31,013 23,715 9.3 12.1 0.3M
Steam 334,730 13,047 11.0 282.5 3.7M
MovieLens-1M 6,040 3,416 163.5 289.1 1.0M
Metrics
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3.2. Experiments

* Does SASRec outperform state-of-the-art models including CNN/RNN based methods?

Dataset  Metric (@) (b) (© (d) (e) ® (8) (h) @) Improvement vs.
PopRec BPR FMC FPMC TransRec GRU4Rec GRU4Rec* Caser SASRec (a)-(e) (f)-(h)
Beau Hit@10 0.4003 03775 03771 04310 0.4607 0.2125 0.3949 0.4264 0.4854 5.4% 13.8%
by NDCG@10 0.2277 0.2183 0.2477 0.2891 0.3020 0.1203 0.2556 0.2547 0.3219 6.6% 25.9%
Games Hit@10 0.4724 0.4853 0.6358 0.6802 0.6838 0.2938 0.6599 0.5282 0.7410 8.5% 12.3%
NDCG@10 0.2779 0.2875 0.4456 0.4680 0.4557 0.1837 0.4759 0.3214 0.5360 14.5% 12.6%
Steam Hit@10 0.7172  0.7061 0.7731 0.7710 0.7624 0.4190 0.8018 0.7874 0.8729 13.2% 8.9%
ed NDCG@10 04535 0.4436 0.5193 0.5011 0.4852 0.2691 0.5595 0.5381 0.6306 214% 12.7%
ML-IM Hit@10 0.4329 0.5781 0.6986 0.7599 0.6413 0.5581 0.7501 0.7886 0.8245 8.5% 4.6%
NDCG@10 0.2377 0.3287 0.4676 0.5176 0.3969 0.3381 0.5513 0.5538 0.5905 14.1% 6.6%




3.2. Experiments

 What is the training efficiency and scalability (regarding n) of SASRec?
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3.2. Experiments

* Are the attention weights able to learn meaningful patterns related to positions or items’ attributes?
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Figure 4: Visualizations of average attention weights on positions at different time steps. For comparison, the heatmap of a
first-order Markov chain based model would be a diagonal matrix.



Summary



4.1. Conclusion
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3.1. Datasets & Metrics

Metrics
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1.1. Introduction to Recommendation System

What is Recommendation System? - Contents based Filtering
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1.1. Introduction to Recommendation System

What is Recommendation System? - Collaborative Filtering
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