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Motivation

 Implicit feedback is the default choice of modern RS

➢ Large volume and high availability

 Implicit feedback is inherently noisy

➢ Cannot directly indicate the users’ true preferences

➢ Ubiquitous presence of noisy-positive and noisy-negative samples
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Denoising matters!



Motivation (Cont.)

Solutions of existing methods

a) Design a score function to measure the “cleanness” of interactions (e.g., 

loss values)

b) Assign different weight to each interaction

c) Train the model with the re-weighting samples

Challenges

➢ Abandon of hard yet clean samples

➢ Lack of adaptivity and universality

SGDL: Self-Guided Learning to Denoise 

for Robust Recommendation
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Related Work

 Sample Selection

➢ Select clean and informative samples through different sampling 

probabilities

➢ Drawbacks: high variance of denoising performance.

 Sample Re-weighting

➢ Focus on the learning process of models (e.g., loss values) to assign 

different weights to clean and noisy samples

➢ Drawbacks: handcraft functions and poor generalization.

 Other Directions

➢ Use auxiliary information or design model-specific structures

➢ Drawbacks: lack of adaptivity and universality.
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Preliminaries

 Problem Statement 

➢ Implicit Feedback 𝒟 = {𝑢, 𝑖, 𝑦𝑢𝑖|𝑢 ∈ 𝒰, 𝑖 ∈ ℐ}

𝒰 is the set of users, ℐ is the set of items

𝑦𝑢𝑖 ∈ 0,1 is the interaction that indicates whether user 𝑢 has 

interacted with item 𝑖

➢ Denoising Learning Task

Given the noisy implicit feedback 𝒟,  infer users’ true preference 

with optimal model parameter 𝜃∗
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Memorization Effect

Memorization effect of recommendation models

➢ Models focus on learning easy and clean patterns at their early stage 

of training;

➢ And eventually memorize all the implicit feedback at the later stage.



Overview

 SGDL Framework

➢ Phase I: Memorization

 Most memorized interactions are clean until memorization point

 Collect memorized data as denoising signals for training in Phase II

➢ Phase II: Self-Guided Learning

 Leverage memorized data as clean signals to guide the training process

 Use a novel adaptive denoising scheduler to improve robustness



Phase I: Memorization

Memorized Interactions
➢ An interaction (𝑢, 𝑖) is memorized if item 𝑖 is in the top-𝑁 ranking list of 

user 𝑢, where 𝑁 is the length of 𝑢’s all observed interactions

➢ Consider results of recent ℎ epochs to improve stableness

𝑚𝑡
ℎ 𝑢, 𝑖 =

1

𝒫𝑡
ℎ 𝑢, 𝑖



𝑚𝑗 𝑢,𝑖 ∈𝒫𝑡
ℎ 𝑢,𝑖

𝑚𝑖 𝑢, 𝑖



Phase I: Memorization(Cont.)

 Memorization Point Estimation

➢ The best memorization point should be the best trade-off point

between memorization Precision and memorization Recall (i.e.

MP=MR)

➢ Use GMM to estimate noise ratio Noise ratio

𝑀𝑃𝑡 =
ℛ𝑡

ℳ𝑡
𝑀𝑅𝑡 =

ℛ𝑡

ℳ𝑡
ℳ𝑡𝑚 = 𝑢, 𝑖 ∈ 𝒟𝑡: 𝑦𝑢𝑖 = 𝑦𝑢𝑖

∗ = (1 − 𝜎)|𝒟|



Phase II: Self-Guided Learning

 Denoising Learning with Memorized Data

➢ Formulate weighting function as a simple MLP

➢ Solve the bi-level optimization problem in a meta-learning manner

 Adaptive Denoising Scheduler

➢ Leverage intermediate outputs to quantify the contribution of each

memorized data

➢ Assign different sampling probability according to their contributions

𝜃∗ 𝜓 = argmin𝜃
1

𝒟𝑇


𝑘

𝒟𝑇

𝑔 𝐿𝑘 𝜃 ;𝜓 𝐿𝑘(𝜃) 𝜓∗ = argmin𝑤
1

ℳ𝑡𝑚



𝑚

ℳ𝑡𝑚

𝐿𝑚(𝜃
∗ 𝜓 )

𝑜𝑚 = 𝑠(𝐿𝑚 𝜃 , cos ∇𝜃𝐿𝑚 መ𝜃 , ∇𝜃𝐿𝑚 𝜃 ;𝜙) 𝜋𝑚 =
exp 𝑜𝑚; 𝜙

σ𝑖∈ℳ𝑡𝑚
exp 𝑜𝑖; 𝜙
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Experimental Evaluation

 Datasets

➢ Adressa, Yelp and MovieLens are three widely-used real world

datasets for state-of-the-art recommender systems.

Evaluation
➢ Equipped with 4 representative base models and 2 different loss functions.

➢ Compared with 6 state-of-the-art denoising learning schemes, including 2 

graph-specific robust learning methods.

Metrics
➢ Recall@N , NDCG@N (N=5, 20).



Experimental Evaluation (Cont.)

 Overall results of SGDL

➢ SGDL can improve the performance of all base models in all datasets.

➢ SGDL outperforms all general denoising methods and achieves even better performance 

than the state-of-the-art graph-based robust learning methods.



Experimental Evaluation (Cont.)

 Ablation Study

➢ Removing denoising learning strategy or the adaptive denoising scheduler will

both cause significant performance degradation.

 Estimation of Memorization Point

➢ The best performance is achieved near the estimated memorization point.



Experimental Evaluation (Cont.)

 Learned Weights of SGDL

➢ Almost all large weights belong to clean samples.

➢ The weighting function tends to highlight informative clean samples (including

hard samples) and suppress noise interactions.
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Conclusions

➢ A New Perspective. We present a two-stage denoising paradigm which

fully leverages the memorization effect of recommendation models

➢ Self-Guided Denoising Learning. Our proposed SGDL framework can

collect memorized data and utilize them as guidance to denoise implicit

feedback with a novel adaptive denoising scheduler.

➢ Adaptivity and Universality. Our method does not need any predefined

weighting functions or auxiliary information, and is easy to be

implement to any learning-based recommendation models.



Thank you !

Self-Guided Learning to Denoise for Robust Recommendation
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