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* Abstract 

Recently, self-attention based models have achieved state-of-the-art performance in sequential 
recommendation task. Following the custom from language processing, most of these models rely on a simple 
positional embedding to exploit the sequential nature of the user's history. However, there are some limitations 
regarding the current approaches. First, sequential recommendation is different from language processing in 
that timestamp information is available. Previous models have not made good use of it to extract additional 
contextual information. Second, using a simple embedding scheme can lead to information bottleneck since 
the same embedding has to represent all possible contextual biases. Third, since previous models use the 
same positional embedding in each attention head, they can wastefully learn overlapping patterns. To address 
these limitations, we propose MEANTIME (MixturE of AtteNTIon mechanisms with Multi-temporal 
Embeddings) which employs multiple types of temporal embeddings designed to capture various patterns from 
the user's behavior sequence, and an attention structure that fully leverages such diversity. Experiments on 
real-world data show that our proposed method outperforms current state-of-the-art sequential 
recommendation methods, and we provide an extensive ablation study to analyze how the model gains from 
the diverse positional information. 
 

## Summary  

### problems to address 
- Previous sequential recommendation models did not utilize timestamp information well, only sequence 
information. The authors use timestamp information fully with multiple types of temporal embeddings and 
mixture of attention heads. 
  

### key ideas 
-​ TiSASRec [1] introduces Personalized Time Intervals and use Time Interval-Aware Self-Attention.  
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-​ This paper propose MEANTIME (MixturE of AtteNTIon mechanisms with Multi-temporal Embeddings) 
model which employs multiple types of temporal embeddings designed to capture various patterns from 
the user’s behavior sequence, and an attention structure that fully leverages such diversity. 

 

 
Fig. 1.  Model Architecture 

 
3.2    Input Embedding 
 

 
-​ The authors propose six methods to embed t: three absoulte methods (Figure 1(a), and three relative 

methods (Figure 1(b)).  
-​ Absolute embeddings: 

-​ Day-embedding which converts the day of each timestamp into an embedding vector to 
get EDay  

-​ Pos-embedding is analogous to the learnable positional embedding and converts each 
position to get EPos.  

-​ Con-embedding is similar to Pos-embedding, except that all position vectors are shared 
(MC ∈ R1×h) to remove positional bias. Hence, ECon is a stack of repeated vectors.  

-​ Relative embeddings: 



 
 
3.3    Self-Attention Structure 

 
Fig. 2.  Brief overview of single attention head in multi-headed attention structure. (a) absolute self-attention in 
Transformer (b)relative self-attention in Transformer-XL [2] and MEANTIME (c) absolute self-attention in 
MEANTIME. 
 
 EPos is replaced by the relative positional embedding ER that only depends on the difference between the 
positional indices of the array, and positional information is no longer used at key and value encoder. 
Parameters bI and bR serve as global content/positional bias respectively   

### Quick Results 
 
 

Table 1.  Performance Comparison. 



 
-​ All models are fully tuned through an extensive grid-search on hyperparameters: hidden dimension h 
∈ {16,32,64,128}, number of heads n ∈ {2,4}, dropout ratio ∈ {0.2,0.5}, and weight decay wd ∈ 
{0,0.00001}. 

-​ the best combination of embedding types among all possible combinations with n = 2,4: -  
-​ Day+Pos+Sin+Log for MovieLens 1M and 20M 
-​ Day+Sin+Exp+Log for Amazon Beauty 
-​ Day+Pos+Sin+Exp for Amazon Game. 

 

 
Fig. 3.  NDCG@10 Comparison with All Possible Combinations of Positional Embeddings on ML-1M (left) and 
Game (right) Dataset.C, D, P, S, E and L represent Con ,Day, Pos, Sin, Exp and Log, repectively. We used h = 
60 for all experiments. 

## Questions about the paper? 
-​  

## What do you like? 
-​ They utilize fully timestamp information and use relative position concept with modified multi-head 

attention.  
-​ It is interesting to use Sin/Log/Exp for representing various time patterns. 
-​ They release well-structured source code with other baselines.  



## What you don't like? 
-​  

## How to improve / Any new ideas? 
-​ Redefine the Relative distance matrix.  
-​ Devise Item embedding method with timestamp 
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