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Motivation
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1. Item ordering in user historical interaction (UHI) encodes 
important item relation signals crucial  for sequential 
recommendation (SR)

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

3. 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
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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
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Model: Data 
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Model: Item Representation Learning

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

Approach
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Model: Item Representation Learning
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• The input to the CNN is the R 3 ∗ n ∗ 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
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Model: CNN for Sequential Recommendation



Model: CNN for Sequential Recommendation
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Experiments: Datasets

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. 

MovieLens 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
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• 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?
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• 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.



RQ2: 
contribution of 

SRP to the 
overall 

performance of 
COMBERT



RQ2: 
contribution of 

SRP to the 
overall 

performance of 
COMBERT



RQ3: contribution of SRP to SOTA SR models
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Conclusion
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• 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
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• 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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