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1.

Motivation

ltem ordering in user historical interaction (UHI) encodes
important item relation signals crucial for sequential
recommendation (SR)

Most UHI training data for SR is induced by an underling
candidate generation process (UCGP) that suffers bias,
distortion and noise

Rigidly adopting the item ordering the UCGP distorts
fundamental item relation signals that are crucial for item
representation learning in SR



Contributions

1. We propose an effective self-supervised approach for recovering and
amplifying item relation signals for superior item representation
learning

2. We propose an efficient algorithm to create and sample diverse UHI
sequences for data augmentation that preserves both local and global
contextual information

3. We propose an approach for next-item recommendation that
significantly outperforms the majority of state-of-the-art (SOTA)
baselines on seven public datasets



Model: Overview
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Model: Data Augmentation (SRP)

Objective:

Amplify item co-occurrence and interactional context signals while preserving local and global
context.

Approach:

 Augment UHI from training dataset by sampling from strongly restricted permutations generated from
the training data

* We consider permutations where each item in the UHI can be displaced up to k positions to the left or
right of its original position

Our model is inspired by the distributional hypothesis in NLP as well as recent work in interactional context



Algorithm 1 Random Transposition Walk

Require: sequence S, displacement d, number of permutations to return #p, number
of candidate permutations to generate #c

n + |S|
A+ Onan

forie{l,...,n} do

for j €{1,...,n} do
if |[2—j|<d then

I\/IOdel: Data enda?-f{_l

end for

Augmentation
(S R P) gz;;diies —{}
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while | Candidates | < #¢ do
1,12 &= SAMPLE ([1---n], 2)

if o(i1) € Sa AND o(i2) € Sa then
C' + SWAP (C|i1,12)
Candidates + Candidates U C
end if
end while

Out <+ SAMPLE ( Candidates , #p)




Model: ltem Representation Learning

Objective:
Deepen the contextualized embeddings extracted from a transformer based encoder

Approach

Given a sequence of n tokens (UHI) T = {ty,---t,},
and a K-layer transformer encoder which outputs O € R™* 4 at each layer,
we obtain a final representation R € R®*"* 9 of the sequence by stacking the outputs of the final three layers of the encoder.

where d is the embedding dimension of each encoder layer



Model: [tem Representation Learning
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Model: CNN for Sequential Recommendation

The input to the CNN is the R 3*"*d representation obtained from the Transformer encoder
The output of each of the three final layers which are treated as separate channels of the input.
The output of the CNN is a compact 128 vector

A detailed description of the CNN architecture is presented next



Model: CNN for Sequential Recommendation
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Experiments: Datasets

Table 1: Dataset statistics (after pre-processing)

Dataset #Fusers #items #Finteractions

ML25M 130,004 7,984 5,805,228
4SQUARE 227,301 14,153 7,183,758

YELP 478,630 7,239 2,714,935
LASTFM-1k 414,854 13,430 5,242,483
30M 22,162 2,026 243,428
NOWPLAYING 19,558 1,726 173,465
AOTM 12,670 1,094 83,571

YELP: A subset of Yelp’s businesses, reviews, and user data across 8 metropolitan areas in the USA and Canada
4SQUARE: Global check-in data from Foursquare. It contains check-ins users on cities across 77 countries.
MovielLens 25M: User-Movie interaction activity from a movie recommendation service

LASTFM 1K: Whole listening habits for nearly 1,000 users.

AOTM: The AOTM dataset was collected from the Art-of-the-Mix platform and is publicly available.

30MUSIC: is a collection of listening and playlists data retrieved from Internet radio stations through Last.fm API.

NOWPLAYING: Music listening behavior of users created from mining information from social networks
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Research Questions

* RQ1 How does COMBERT perform on sequential recommendation compared to
existing SOTA models?

* RQ2 What is the contribution of the proposed SRP data augmentation
approach to the overall performance of COMBERT?

* RQ3 Can existing SOTA models for sequential recommendation benefit from
our proposed data augmentation approach?



RQ1: COMBERT compared to SOTA SR models?

* COMBERT, our proposed
model outperforms
existing baselines on all
seven datasets

* The average performance
improvement across all the
baselines is 94% for MRR
and 80% for Recall.

Table 2: MRR@20 baseline comparison

GRU4REC CASER BERT4REC SASREC

30M
NOWP
AOTM
YELP
LASTFM-1K
ML25M
4SQUARE
Average

65.03%
28.80%
100.00%
153.33%
100.00%
01.30%
45.80%
83.48%

38.01%
22.80%
61.54%
00.00%
21.02%
51.72%
18.33%
43.35%

T7.44%
74.26%
110.00%
245.45%
104.30%
120.00%
74.50%
115.15%

126.92%
72.99%
110.00%
216.67%
216.67%
120.00%
74.59%
133.98%

Table 3: RECALL@20 baseline comparison

GRU4REC CASER BERT4REC SASREC

30M
NOWP
AOTM
YELP
LASTFM-1K
ML25M
4SQUARE
Average

64.39%
38.17%
69.14%
101.54%
R8.17%
63.83%
27.23%
64.64%

38.01%
33.81%
48.91%
63.75%
20.27%
43.03%
11.47%
37.29%

115.57%
134.67%
08.55%
142.59%
86.17%
79.07%
47.72%
100.62%

159.66%
119.25%
77.92%
147.17%
196.61%
81.18%
52.35%
119.16%
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Table 5: Results for MRR©@20. Bold face indicates the best results, underline
indicates runner up and ties are marked with *.

30M NOWP AOTM YELP LASTFM-1K ML25M 45QUARE

Ej w/o SRP 0.143 0.184 0.021 0.015 0.095 0.023 0.146
&
5' w/ SRP 0.169 0.186 0.022 0.022 0.118 0.024 0.143
&
U% A 18.18% 1.00% 4.76% 46.67% 24.21% 4.35%  -2.05%
cO nt rl b UtIO N Of x w/oSRP 0171 0193 0.026  0.02 0.157 0.029 0.18
Q w/ SRP 0.141 0.235% 0.023 0.018 0.167 0.033 0.176
S
S R P to th e % A -17.54% 21.76% -11.54% -10.00% 6.37% 13.79%  -2.22%
o
Ove ra | | Er:.'] w/o SRP 0.133 0.136 0.02 0.011 0.003 0.02 0.122
pe rfo rm a n Ce Of E w/ SRP 0.162 0.184 0.021 0.027 0.189*% 0.023 0.166
COMBERT A% A 21.80% 35.20% 5.00% 145.45% 103.23%  15.00%  36.07%
ﬂ w/o SRP 0.104 0.137 002  0.012 0.06 0.02 0.122
% w/ SRP 0.175 018 0.019 0.018 0.169 0.021 0.167
-
z % A 68.27% 31.39% -5.00% 50.00% 181.67% 5.00%  236.80%
!
;aj w/o SRP 019 0.188 0.021 0.015 0.138 0.038  0.214%
wa SRP 0.236 0.237*% 0.042 0.038 0.19* 0.044  0.213%
@)
D% A 24.21% 26.06% 100.00% 153.33%  37.68%  15.79% -047%
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Table 6: Results for RECALL@20. Bold face indicates the best results, under-
line indicates runner up and ties are marked with *.

30M NOWP AOTM YELP LASTFM-1K ML25M 45QUARE

{Elj w/o SRP 0.278 0.338 0.081 0.065 0,186 0.094 0.382
=
2 w/ SHRP 0,326 0.351 0.079 0.085 0.233 0,092 0.37%
=
0]
R 2 . % A 17.27% 3859 “2.47% 07T D527 -2.13% -1.05%
[ ]
. . ~ w/o SRP 0.3209 0.349 0.002 008 0.201 0.107 0.436
(s}
contribution of
< w/ SHRP (0,282 0.427 0.001 0.072 0.317 0.12 0,426
[

SRP to the % A -1420% 22.35% -1.00% -10.00% 8.03% 1215%  -2.20%

Ove ra | | E:j w/o SRP  0.212 0199  0.060 0.054 0.188 0.086 0.320
g
g w/SRP 0301 0333 0081 0007 0.341 0.091 0.308
performance of :
% A 41.98% 67.34% 17.39% 79.63% 81.38% 5.81% 20.97%
CO M B E RT © W/eSRP 0176 0213 0077 0.053 0.118 0.085 0.319
=
E w/ SRP  0.326 0.34 0.078 0077 0.317 0.0%0 0.304
[/ s]
% A 85.23% 50.62% 1.30%  45.28% 168.64% 4.71% 23.51%
B w/oSRP 0381 0376 0074  0.068 0.315 0.141 0.459
=
E w/SRP  0.457 0.467 0.137 0.131 0.35 0.154 0.486
Q
&}

%A 19.95% 24.20% 85.14% 92.65% 11.11% 9.22% 5.88%




RQ3: contribution of SRP to SOTA SR models

Table 4: average baseline improvement with SRP

GRU4REC CASER BERT4REC SASREC

MRR@20 13.80%  0.09% 51.69%  52.60%

RECALL@20 10.22%  2.25% 44.93%  55.47%
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Conclusion

In this work, we proposed a two-stage technique to recover and amplify item relation signals
which are compromised in training data for SR
o we recover compromised signals with a novel data augmentation process that involves
generating synthetic UHI from observed UHI samples
o In the second stage we employ a self-supervised pre-training approach that leverages the
recovered item relation signals to learn superior item representations.
We develop a novel CNN-based SR model as a downstream task to utilize our learned item
representations.
We demonstrate that our approach is able to recover item relational dynamics distorted by the
candidate generation process
Our proposed SR model significantly outperforms four SOTA models for SR and an ablation study
confirms that our item representation learning approach is a significant contributor to the model’s
superior performance.

we find that the majority of our compared SOTA baselines also enjoy a significant performance
boost from utilizing our learned item representations



Future Work

* Extend this work to explore the properties of item relation signals
that are recovered/recoverable.

* Explore neural approaches to optimize item relation signal recovery.
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