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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 AtteNTlon 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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Each weight coefficient a;; is computed using a softmax function:
exp €jj

ISI — (7)

=1 EXP€ik
And e;; is computed using a compatibility function that considers

inputs, relations and positions:
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where WQ € R4, WK € R?*4 are input projections for a query

and key respectively. The scale factor Vd is used to avoid large
values of the inner product, especially when the dimension is high.
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- This paper propose MEANTIME (MixturE of AtteNTlon 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.
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Fig. 1. Model Architecture
3.2 Input Embedding

Our model is based on a fixed-length model with length N as in previous works [10, 19]. Given the history (V;,, T,) of
user u, we feed v = [U|uVu N2 U|uVu B [MASK]] and t = [tl"V“ N2 tI“V“ E t, ;] to the model. Then the model
estimates vpexs as output. If the history is shorter than N — 1, it is padded by a special token [PAD].

- 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 EP®
- Pos-embedding is analogous to the learnable positional embedding and converts each
position to get E™s.
- Con-embedding is similar to Pos-embedding, except that all position vectors are shared
(M® € R™) to remove positional bias. Hence, E“" is a stack of repeated vectors.
- Relative embeddings:



First, we define a matrix of temporal differences D € RN*N
whose element is defined as d,;, = (tg — tp)/7, where 7 is an adjustable unit time difference. We introduce three
encoding functions for D. First, Sin encoder converts the difference dj, to a hidden vector éa » € RI¥! by the following

equation:

> d > d
Oab,2c = sin( abLC ) Oab,2c+1 = cos( ach ) 1
freq® freg

where 5:1 b,c is the cth value of the vector ga p and freq is an adjustable parameter. Likewise, Exp encoder and Log

encoder converts d,, to €, and Ta p respectively by applying the following equations:
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Stacking these vectors gives us E5'?, EEXP and EL99 respectively.

3.3 Self-Attention Structure
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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.

EPs 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 b, and by serve as global content/positional bias respectively

### Quick Results

Table 1. Performance Comparison.



Datasets Metrics MARANK SAS TISAS BERT MEANTIME Improvement

ML-1M Recall@5 0.4427 0.5708 0.5869 0.5862 0.6415 9.31%
Recall@10 0.5993 0.6966 0.7102  0.6987 0.7412 4.36%
NDCG@5 0.3042 0.4142 0.4307 0.4420 0.4932 11.58%
NDCG@10 0.3548 0.4550 0.4708 0.4786 0.5255 9.81%
ML-20M  Recall@5 0.3938 0.5274 0.5412 0.5910 0.6225 5.34%
Recall@10 0.5503 0.6887 0.7021 0.7176 0.7491 4.39%
NDCG@5 0.2665 0.3700 0.3814  0.4469 0.4739 6.04%
NDCG@10 0.3170 0.4223 0.4336 0.4879 0.5150 3.55%
Beauty Recall@5 0.1577 0.2011 0.2081 0.2271 0.2470 8.78%
Recall@10 0.2302 0.2714 0.2805 0.3095 0.3330 7.58%
NDCG@5 0.1085 0.1464 0.1512 0.1633 0.1764 8.05%
NDCG@10 0.1318 0.1689 0.1745 0.1898 0.2041 7.52%
Game Recall@5 0.2846 0.3925 0.3857 0.4211 0.4752 12.85%
Recall@10 0.4217 0.5201 0.5085 0.5590 0.6100 9.12%
NDCG@5 0.1893 0.2735 0.2735 0.2970 0.3446 16.03%
NDCG@10 0.2334 0.3147 0.3133 0.3415 0.3882 13.67%

- 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.
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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.

- ltis 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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