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Continual Learning

The method of sequentially learning new knowledge in a single model while handling multiple tasks.

The key aspect here is to maintain the knowledge acquired from previous tasks.

General Machine Learning Continual Learning
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Inference
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Forward Knowledge Transfer

Continual Learning

Challenges of Continual Learning

• Catastrophic Forgetting

• When training a model in a Continual Setting, there is a situation 

where it becomes biased towards the recent data distribution

• Positive Transfer

• Positive Forward Transfer

• The knowledge learned from the previous task should be beneficial for the next task

• Positive Backward Transfer

• The knowledge learned from the next task should also be helpful for improving the performance of the previous task

Inference

Task 1 Task 2 Task 3 Task 4 Continual Learning

Task 1 Task 2 Task 3 Task 4 Continual Learning

Backward Knowledge Transfer
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User Modeling

Generating user representations for each task to enable personalized recommendations

Task 1 Model

Task 2 Model

Task 3 Model

Task 1 Output

Task 2 Output

Task 3 Output

User representation for task 1

User representation for task 2

User representation for task 3

<Example of model operation for each task>
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Universal User Representation Learning

Problems on User Modeling

• Inefficient : Create and train new models for each new task

Research Objective

• Solve various tasks through a Universal User Representation

• Maintain competitive performance across tasks using single universal user representation

Model

Task 1 Output

Task 2 Output

Task 3 Output
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Continual User Representation Learning

Sequentially solving the user modeling tasks

Continual User Representation Learning

click cart purchase favorite user profile



12

Motivation

Limitations of the previous work

Limitation of not considering the flow of time as the task progresses:
• In the real world, time passes as the task progresses
• New users with new items emerge

<Number of new items over time in Tmall dataset>
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Motivation

Proposed Evaluation Scenario

Training Phase
• Time passes as tasks progress

Inference Phase
• Evaluation is conducted on all preceding tasks

at the point when the final task is completed
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Motivation

Existing Method

TERACON utilize the data for the entire time period equally to all tasks → unrealistic!

The failure to perform proper knowledge transfer in the shifted distribution → Catastrophic forgetting!

Kim, Sein, et al. "Task relation-aware continual user representation learning." Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery and Data Mining. 2023.
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Forward Knowledge Transfer
• Transferring the knowledge learned from past tasks to the current task to ensure that the knowledge acquired from 

previous tasks is not forgotten → avoid Catastrophic Forgetting

Backward Knowledge Transfer
• As new items are added over time, the distribution shifts
• The knowledge from the current task is transferred to the past task to help it adapt to the current distribution

➔DynamIc Time-aware ConTinual User RepresentatiOn Learning (DITTO)
• Investigates how/what/why to forward/backward transfer under continuous shifts in item distribution

Forward Knowledge Transfer

Challenges

Task 1 Task 2 Task 3 Task 4 Continual Learning

Task 1 Task 2 Task 3 Task 4 Continual Learning

Backward Knowledge Transfer
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Notation

• Sequence of Tasks :

• User across entire tasks :

• Set of items :

• Behavior sequence of 𝑢𝑙 up to the time point 𝑡𝑗
: 

Preliminaries

timestamp
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Proposed Method

Distribution-aware Forward Knowledge Transfer (FKT)

• Transferring knowledge from previous tasks to the current task by considering the relationship between tasks

• Previous work used Pseudo-labeling!
• If the previous task has been adequately learned, 

it is possible to generate pseudo-labels for previous task using current task’s input

• E.g.,
Task 1 : Learn the age of users 𝑢1, 𝑢2, 𝑢3
Task 2: Predict the gender of users 𝑢3, 𝑢4, 𝑢5
current input → Generates pseudo-labels 

for the ages of 𝑢3, 𝑢4, 𝑢5
By training on these pseudo-labels, 
it is possible to retain the age information for 𝑢3
and learn the age information of 𝑢4, 𝑢5

• By training on pseudo-labels,
the knowledge from past tasks can be preserved

Task 1 (Age Prediction) Task 2 (Gender Prediction)

𝑢1

𝑢2

𝑢3
𝑢4 𝑢5 𝑢3

Model

Age

Model

Gender

M
o

d
e

l

Age

Pseudo-label
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Proposed Method

Distribution-aware Forward Knowledge Transfer (FKT)

• Reliability of Pseudo-labels
• Due to the continuous emergence of new items as the task progresses, reliable pseudo-labels cannot be generated

➔ User behavior sequences that allow for generating reliable pseudo-labels through distribution-aware sampling strategy!

Task 1 (Age Prediction) Task 2 (Gender Prediction)

𝑢1

𝑢2

𝑢3
𝑢4 𝑢5 𝑢3

Model

Age

Model

Gender

M
o

d
e

l 𝒖𝟑 Age

Pseudo-label

𝒖𝟒 Age

𝒖𝟓 Age
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Proposed Method

Distribution-aware Forward Knowledge Transfer (FKT)

• Distribution-aware User Sampling
• Sampling user behavior sequences that have a distribution similar to the one during the learning of past tasks

• Sampling the Top K most similar user behavior sequences for past tasks by comparing the representation of the user 
behavior sequence with the average of the item embeddings after the past task has been learned

➔ The reliability of the pseudo-labels improves when compared to the actual labels

➔ The model is able to effectively retain the past knowledge that needs to be remembered,
excluding the shifted distribution!
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Proposed Method

Distribution-aware Backward Knowledge Transfer (BKT)

• Transferring knowledge to allow past tasks to adapt to the shifted distribution as new items are added

• Distribution-aware User Sampling
• Sampling user behavior sequences that have a distribution different from the one during the learning of past tasks

• Sampling the Top K most dissimilar user behavior sequences for past tasks by comparing the 
representation of the user behavior sequence with the average of the item embeddings 
after the past task has been learned

• Backward Knowledge Transfer through Contrastive Learning
• Since reliable pseudo-labels cannot be generated, an unsupervised learning approach is utilized
• Applying contrastive learning by augmenting the sampled user behavior sequence with two different views

➔ The past task can adapt to the current shifted distribution!
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Experiments

Datasets & Tasks Descriptions

• Tmall
• 𝑇1 : (userID, recent 100 clicking interactions)
• 𝑇2 : (userID, the item that the user put in the cart)
• 𝑇3 : (userID, the item purchased by user)
• 𝑇4 : (userID, the item favored by the user)
• 𝑇5 : (userID, age)
• 𝑇6 : (userID, gender)

• ML (Movie Lens)
• 𝑇1 : (userID, recent 30 clicking interactions)
• 𝑇2 : (userID, an item that is rated higher than 4)
• 𝑇3 : (userID, one of 5-star items)

• Taobao
• 𝑇1 : (userID, recent 50 page-view interactions)
• 𝑇2 : (userID, the item that the user put in the cart)
• 𝑇3 : (userID, the item favored by the user)
• 𝑇4 : (userID, the item purchased by user)

User Behavior Modeling

User behavior modeling

User behavior modeling

Item Recommendation

Item Recommendation

Item Recommendation

Profile Prediction
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Experiments

Overall Performance

• Transferring knowledge without considering the passage of time can lead to negative transfer (SinMo vs. TL/CL)

• Continual learning-based methods perform better than Transfer learning-based method

• DITTO outperforms the SinMo & Continual learning-based method

• Modeling by considering the relation between tasks and the passage of time

Trains a single model for each task from scratch

Transfer Learning (𝑇1 → 𝑇𝑖)

Multi-task Learning

Continual Learning
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Experiments

Ablation Study

• Overall performance with and without the FKT and BKT modules, 
and performance for (users who interacted only with existing items / users who interacted with new items)

• FKT module is beneficial for users who interacted with existing items (Row (1) vs. (2))

• BKT module is beneficial for users who have interacted with newly emerged items (Row (1) vs. (3))

• Distribution-aware sampling strategy helps in utilizing users that are suitable for the objectives of each module (Row (5) vs. (6))
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Experiments

Order Robustness

• DITTO maintains its superiority even when the order of tasks is changed

• Verifying the effectiveness of maximizing positive knowledge transfer between tasks regardless of the task order

• TERACON fails to generate reliable pseudo-labels for users with shifted item distributions, leading to negative transfer

➔ DITTO is order robust framework
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Experiments

Noise Robustness

• Inserting a noisy task (i.e., 𝑇𝑛𝑜𝑖𝑠𝑒) between 𝑇3 and 𝑇4, which contains noisy labels

• Only user behavior sequences, not label information, are used for pseudo-label generation

→ forward knowledge transfer is possible without being affected by noisy labels

• Backward knowledge transfer is performed in an unsupervised manner, it is not affected by noisy labels

➔ DITTO is noise robust framework
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Conclusion

Summary

• Continual user representation learning framework that maximizes knowledge transfer between tasks under time-driven 
distribution shifts

Contribution

• Propose a continual user representation learning scenario that accounts for the passage of time

• Develop distribution-aware user sampling strategies and transfer methods tailored to each objective to maximize positive 
knowledge transfer between tasks

• Extensive experiments demonstrate the effectiveness and efficiency of DITTO
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[Source Code] https://github.com/seungyoon-Choi/DITTO_official

[Lab Homepage] http://dsail.kaist.ac.kr

[Email] csyoon08@kaist.ac.kr

Paper Code


