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Outline

ÅIntroduction (FuliFeng, 15 Min)

ÅPotential outcome framework for recommendation (Peng Wu, 60~70 Min)

ÅQ&A (5 Min)

ÅStructural causal model-based recommendation (Yang Zhang and Wenjie 
Wang, 60~70 Min)

ÅComparison (Wenjie Wang, 2 Min)

ÅOpen problems, future directions and conclusion (FuliFeng, 20 Min)

ÅQ&A (5 Min)

ÅPart 1 (90 Min, 9:00ñ10:30)  

ÅPart 2 (90 Min, 10:45-12:15)



Information explosion problem? 

ÅInformation seeking requirements 

× E-commerce (Taobao/PDD/Amazon)

× Social networking (Facebook/Weibo/Wechat)

× Content sharing platforms (Tiktok/Kwai/Pinterest)

ÅInformation Seeking 
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Recommender system has been recognized as a 

powerful tool to address information overload.
How to 

handle?  

You may like?

720,000 hours videos uploaded 

per day in Youtube

12 million items in Amazon

2.8 billion users in Facebook



ÅEcosystem of Recsys

3

User System 

Collecting

Data

Serving

ÅWorkflow of RS

ÅTraining : RS is trained/updated 
on observed user-item 
interaction data.

ÅServing : RS infers user 
preference over items and 
exposes top-n items. 

ÅCollecting : User actions on 
exposed items are merged into 
the training data.

ÅForming a Feedback Loop

(clicks, rates é) Training

(Top-N recommendations) 

Feedback Loop

Chen et al. arxiv 2021. Bias and Debias in Recommender System: A Survey and Future Directions 



Shallow representation learning
- Matrix factorization & factorization machines

Neural representation learning
- Neural collaborative filtering
- Graph neural networks
- Sequential model
- Textual & Visual encoders

ÅMainstream Models: Fitting H istorical Data

ÅMinimizing the difference between historical feedback and model prediction
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History feedback
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Å Collaborative filtering: Similar users perform similarly in future

Learning correlations between input 

features and interaction labels
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ÅBias in data (Collecting): 

ÅData is observationalrather than 
experimental(missing-not-at-random) 

ÅAffected by many hidden factors:

ÅPublic opinions 

éé

ÅDrift along time:

ÅUser/item feature changes

ÅIncome, marriage status

ÅiPhone 12 (2021Ą2022)

ÅPreference evolution

User System 

Data

Bias

ÅShortcomings of Data -Driven Methods

Drift



ÅLearning correlation != Learning preference: Correlationsmay not reflect 
the true causesof interaction.

ÅThree basic types of correlations:

ÅCausation

ÅStable and explainable

ÅConfounding 

ÅIgnoring X

ÅSpurious correlation

ÅCollision

ÅCondition on S

ÅSpurious correlation

ÅShortcomings of Data -Driven Methods
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T Y Preference Click

X

T Y

S

T Y
Interest Popularity

Click

High price

High quality

Preference



ÅShortcomings of Data -Driven Methods
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ÅData-driven methods would learn skewed user preference:

Truepreference

distribution on 

testing data
(Stable Causation)

Biases
(Confounding,Collision) Skewed preference

distribution exhibited on 

training data
(With spurious correlation)

ÅData-driven methods may infer spurious correlations, which are 
deviated from reflecting user true preference and lack interpretation.  

Chen et al. arxiv 2021. Bias and Debias in Recommender System: A Survey and Future Directions 



ÅWhy Causal Inference? 
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Correlations

Causality

Predictions
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ÅAim: Understanding the inherent 

causal mechanismof user behavior

ÅCapturing user true preference

ÅMaking reliable & explainable 

recommendations

ÅCorrelation + Causality > Correlation 



Debiasing

ÅClassification of Causal Recommendation
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ÅPotentialOutcomeFramework

(Judea Pearl)

(Donald B. Rubin)

ÅStructuralCausal Model(SCM)
Fairness

Explanation

Robustness& OOD

generalization

Evaluation

Recommendation
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Outline

ÅIntroduction

ÅPotential outcome framework for recommendation

ÅStructural causal model-based recommendation

ÅComparison

ÅOpen problems, future directions and conclusions
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ÅCausal analysis framework
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Peng Wu, Haoxuan Li, Yuhao Deng, Wenjie Hu, Quanyu Dai, Zhenhua Dong, Jie Sun, Rui Zhang, Xiao-Hua Zhou (2021), ``Causal 

Analysis Framework for Recommendationóô, arXiv:2201.06716. (To appear in IJ-CAI)



ÅCausal analysis framework
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Peng Wu, Haoxuan Li, Yuhao Deng, Wenjie Hu, Quanyu Dai, Zhenhua Dong, Jie Sun, Rui Zhang, Xiao-Hua Zhou (2021), ``Causal 

Analysis Framework for Recommendationóô, arXiv:2201.06716. (To appear in IJ-CAI)



ÅKey elements in PO framework
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ÅUnit : the most fine-grained research subject.

ÅTarget population : the population that we want to make an inference/prediction on.

ÅCausal estimand : the causalparameter,providing a recipe for answering the

scientific question of interest from any hypothetical data whenever it is available.



ÅPO framework in RS
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ÅPO framework in RS

17

In RS, we often want to answer the intervention question ñif recommending an item 

to a user, what would the feedback beò. Formally, theestimand is

it requires to predict the potential outcome ὶȟρ using feature ὼȟ.

ὼȟ

έȟ

ὶȟ

ὶȟπ ὶȟρ



ÅPO framework in RS

18

We can regard the observing indicator έȟas the treatment, and defineὶȟρ as 

the true rating ifέȟ ρfor all user-item pairs. Here we use ὶȟρ instead of ὶȟis 

to underline that the outcome is part of observable.

Goal: predict the potential outcome ὶȟρ using feature ὼȟ.
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ÅRemarks

20

ÅThe definition of the causal estimand does not involve the data collected and the 

model adopted.

ÅIt also doesnôt not involve the relationship betweenὼȟȟέȟÁÎÄὶȟ. In other 

word, when defining causal estimand, it needn't distinguish confounder, collider, 

instrument variable, etc.

Significance: Through formalizing the scientific question into a causal estimand, 

we can answer the following questions: what exactly is being estimated and for 

what purpose. 



Contents

Potential Outcome Framework1

Basic Methods: IPS, EIB and DR2

3

4 Enhanced DR Methods

5 Uniform Data-Aware Methods

21

Limitations of  Basic Methods

6 Causal Analysis Framework



ÅChallenges
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ÅMissing data:

selection bias

or confounding bias.

ÅData sparsity:



ÅIdeal Loss
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Noticing that Ὡȟis computable only whenέȟ ρ, ὒ ‰ is infeasible. As such, 

our target is constructing estimators that approximate to ὒ ‰ .

LetὪ ὼȟ be a recommender model with parameter‰and Ƕὶȟρ Ὢ ὼȟ be

the predicted ὶȟρȿὼȟ .



ÅNaïve Estimator

24

When the estimator is biased, the corresponding recommendation model is in 

general sub-optimal.



ÅInverse Propensity Score (IPS)
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Tobias Schnabel, Adith Swaminathan, Ashudeep Singh, Navin Chandak, Thorsten Joachims (2016). ñRecommendations as 

treatments: Debiasing learning and evaluationò,ICML.



ÅSelf-Normalized IPS (SNIPS)

26

Tobias Schnabel, Adith Swaminathan, Ashudeep Singh, Navin Chandak, Thorsten Joachims (2016). ñRecommendations as 

treatments: Debiasing learning and evaluationò,ICML.

The SNIPS estimator often has lower variance than the IPS estimator but has a 

small bias.



ÅError Imputation -Based (EIB) Method

27



ÅDoubly Robust Joint Learning (DR -JL) 

28

Xiaojie Wang, Rui Zhang, Yu Sun, Jianzhong Qi (2019), ñDoubly Robust JointLearning for Recommendation on Data Missing Not at 

Randomò,ICML.



ÅDoubly Robust Property

29
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ÅLimitations of IPS and DR methods

31

Peng Wu, Haoxuan Li, Yan Lyu & Xiao-Iǳŀ ½Ƙƻǳ όнлннύΣ Ω5ƻǳōƭȅ wƻōǳǎǘ /ƻƭƭŀōƻǊŀǘƛǾŜ ¢ŀǊƎŜǘŜŘ [ŜŀǊƴƛƴƎ ŦƻǊ wŜŎƻƳƳŜƴŘŀǘƛƻƴ ƻƴ 5ŀǘŀ 
aƛǎǎƛƴƎ bƻǘ ŀǘ wŀƴŘƻƳΩΣ arXiv:2203.10258. 



ÅFive Desired Properties

32

ÅDoubly robust: DR  enjoys the property of double robustness; In contrast, IPS 

and EIB do not meet the property of double robustness.

ÅRobust to small propensities: Both the IPS and DR use ρȾǶὴȟas the weight to 

recover the target distribution. In the presence of small propensities, the weights  

will become extremely large and cause instability. In contrast, EIB  does not 

suffer from such a problem.

ÅBoundedness: Both the IPS and DR may lie outside the range ofὒ ‰ , i.e., 

they do not enjoy the property of boundedness. For example, if we setὩȟᶰ

πȟρ, thenὒ ‰ ᶰπȟρ, while ὒ ‰ and ὒ ‰ȟ— may not be within the 

range. The EIB can guarantee boundedness property easily if the error 

imputation model is chosen appropriately.



ÅFive Desired Properties
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ÅWithout extrapolation (small bias): EIB usually has a large bias, which is a 

consequence of making implicitly extrapolation. Specifically, the error imputation 

model is trained with exposed events while using the predicted values for 

unexposed events. This relies heavily on extrapolation since the exposed 

events are sparse and there may exist a  significant difference between the 

distributions of exposed events and unexposed events. Thus,  it is hard to 

obtain accurate error imputation and leads to poor performance. In comparison, 

the estimation of propensity score doesn't rely on extrapolation.

ÅLow variance: It can be shown that EIB has the smallest variance among these 

methods.
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ÅFive Desired Properties
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ÅThree Enhanced Methods

36

ÅMore Robust Doubly Robust (MRDR): bias-variance trade-off.

ÅDoubly robust targeted learning: capture the merits of both EIB and DR.

ÅMulti-task learning: parameter sharing.



ÅMore Robust Doubly Robust (MRDR)
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MRDR enhances the robustness of DR-JL by optimizing the variance of the DR 

estimator with the imputation model.

DR-JL MRDR

MRDR substitutes the loss function of the imputation model.



ÅIdea of More Robust Doubly Robust (MRDR)
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This substitution can help reduce the variance ofὒ ‰ȟ— and hence a more

robust estimator might be achieved.

Siyuan Guo, Lixin Zou, Yiding Liu, Wenwen Ye, Suqi Cheng, Shuaiqiang Wang, Hechang Chen, Dawei Yin, and Yi Chang (2021), 

ñEnhanced Doubly Robust Learning for Debiasing Post-Click Conversion Rate Estimationò. SIGIR



ÅMotivation of DR-TMLE
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ÅDR outperforms IPS in terms of both bias and variance.

ÅWhen compared with EIB, DR tends to have a smaller bias, while EIB has a 

smaller variance. It involves the bias-variance trade-off.

ÅIdeally, it is desirable to develop a method that can capture the merits of both 

DR and EIB.

Peng Wu, Haoxuan Li, Yan Lyu & Xiao-Iǳŀ ½Ƙƻǳ όнлннύΣ Ω5ƻǳōƭȅ wƻōǳǎǘ /ƻƭƭŀōƻǊŀǘƛǾŜ ¢ŀǊƎŜǘŜŘ [ŜŀǊƴƛƴƎ ŦƻǊ wŜŎƻƳƳŜƴŘŀǘƛƻƴ ƻƴ 5ŀǘŀ 
aƛǎǎƛƴƎ bƻǘ ŀǘ wŀƴŘƻƳΩΣ arXiv:2203.10258. 



ÅBasic idea of DR-TMLE

40

which indicates that the correction term uses propensity score to estimate how 

muchὒ overestimates or underestimatesὒ and then subtracts it. As a 

compromise, the correction term  will increase the variance of the DR estimator 

according to Theorem 1.  Thus, if ǶὩȟis computed in a manner that ensures that 

Then the EIB  would have small bias and the DR would have small  variance. 



ÅMerits of DR-TMLE
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ÅSome may argue that the constraint (9) may degrade the accuracy of ǶὩȟ. 

ÅBy leveraging the targeted maximum likelihood estimation (TMLE) technique,

DR-TMLE obtain an estimate of ǶὩȟthat satisfies equation (9),  without 

sacrificing the accuracy of error  imputation model.



ÅTMLE Technique
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Assume the error imputation model can be presented as

whereὬis an arbitrary function,•is a known function, such as identity, sigmoid.

The basic idea of TMLE consists of two steps:

ÅStep 1 (Initialization) : pre-train an initial imputation estimator, denoted as

ÅStep 2 (Targeting) : update ǶὩȟ by fitting an extended one-parameter model

The DR-TMLE estimator is  given as



ÅTMLE Technique

43

Å It can be shown that the TMLE technique would ensure that ǶὩȢ satisfies

equation (9).

ÅSince the targeting step updates the imputation model by adding an error 

correction term 
ȟ
ρto approximateὩȟbetter and hence does not sacrifice 

the accuracy of imputation model. 



Collaborative Targeted Learning

44

ÅDR-TMLE requires a pre-trained propensity model, however, a concern is that if 

Ƕὴȟis inaccurate, the targeting step in TMLE cannot be guaranteed to provide a 

correct direction of debiasing and variance-reduction.

ÅTo cope with the problem, a novel TMLE-based collaborative targeted learning 

approach (TMLE-TL) was developed,  which pursues an optimal strategy for 

estimation of the propensity score and error imputation model.

Peng Wu, Haoxuan Li, Yan Lyu & Xiao-Iǳŀ ½Ƙƻǳ όнлннύΣ Ω5ƻǳōƭȅ wƻōǳǎǘ /ƻƭƭŀōƻǊŀǘƛǾŜ ¢ŀǊƎŜǘŜŘ [ŜŀǊƴƛƴƎ ŦƻǊ wŜŎƻƳƳŜƴŘŀǘƛƻƴ ƻƴ 5ŀǘŀ 
aƛǎǎƛƴƎ bƻǘ ŀǘ wŀƴŘƻƳΩΣ arXiv:2203.10258. 



Numeric Experiments

45



ÅMulti-Task Learning

46

A typical e-commerce transaction has the following sequential events:



ÅMulti-Task Learning: Multi-IPS

47

Wenhao Zhang, Wentian Bao, Xiao-Yang Liu, Keping Yang, Quan Lin, Hong Wen, Ramin Ramezani (2020), ñLarge-scale 

Causal Approaches to Debiasing Post-click Conversion Rate Estimation with Multi-task Learningò.WWW



ÅMulti-Task Learning: Multi-IPS

48



ÅIntuition of Parameter Sharing

49

ÅTraining samples with all exposures for pCTR task is relatively much richer than 

pCVR task. 

ÅThus, parameter sharing mechanism enables pCVR network to learn from un-

clicked exposures and provides great help for alleviating the data sparsity 

trouble.

Wenhao Zhang, Wentian Bao, Xiao-Yang Liu, Keping Yang, Quan Lin, Hong Wen, Ramin Ramezani (2020), ñLarge-scale 

Causal Approaches to Debiasing Post-click Conversion Rate Estimation with Multi-task Learningò.WWW



ÅMulti-Task Learning: Multi-DR

50
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ÅEstimation of Propensity Score

52



ÅCharacters of Biased Data and Unbiased Data

53

Only using the unbiased ratings to train the rating model may cause severe 

overfitting due to the small sample size. 

A compromised and pragmatic method is to combine two dataset: a big biased 

observed ratings  and  a small unbiased ratings.



ÅIntuition of Combining Biased Data and Unbiased Data

54

ÅA natural question is: whether the unbiased data is helpful to improve the quality 

of recommendations?  

ÅIntuitively, the unbiased data provides a better way to evaluate the resulting 

recommendation model,  and hence it may give a better optimizing direction for 

training the model parameters.

ÅThe key point is how to use the unbiased data.

ÅIn general, the unbiased data are applied to obtain better propensity score

model or error imputation model.



ÅBi-Level Optimizatio n

55

ÅWang et al. (2021) use the unbiased data to train the propensity score model,

parameterized with–, such that the recommendation model performs well on the

unbiased data.

ÅFormally, this goal can be formulated as a Bi-level optimization problem

ὒ‰ȟ–ȠὈ can be chosen as the same form of IPS estimator or DR estimator. 

Xiaojie Wang, Rui Zhang, Yu Sun, Jianzhong Qi (2021), ñCombating SelectionBiases in Recommender Systems with a Few 

Unbiased Ratingsò,WSDM.



AutoDebias

56

ÅAutoDebias applys the unbiased data to train the propensity score model and

error imputation model. Thus, it has a more flexile form ofὒ‰ȟ–ȠὈ .

Jiawei Chen, Hande Dong, Yang Qiu, Xiangnan He, Xin Xin, Liang Chen, Guli Lin, Keping Yang (2021), ñAutoDebias: Learning 

to Debias for Recommendationò.SIGIR.
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ÅMotivation

58

ÅThe introduction of causal techniques into recommender systems (RS) has 

brought great development to this field and has gradually become a trend. 

ÅTechnically speaking, the existence of various biases is the main obstacle to 

drawing causal conclusions from observed data. Yet, formal definitions of the 

biases in RS are still not clear, which leads to difficulty in discussing theoretical 

properties and limitations of various debiasing approaches.

ÅThis  greatly hinder the development of RS.

Jiawei Chen and Hande Dong and Xiang Wang and Fuli Feng and Meng Wang and Xiangnan He (2020), ô Bias and Debias in 

Recommender System: A Survey and Future Directionsô, arXiv:2010.03240. 

Peng Wu, Haoxuan Li, Yuhao Deng, Wenjie Hu, Quanyu Dai, Zhenhua Dong, Jie Sun, Rui Zhang, Xiao-Hua Zhou (2021), ``Causal 

Analysis Framework for Recommendationóô, arXiv:2201.06716. (To appear in IJ-CAI)



ÅGoal

59



ÅBiases in Causal Inference

60

We need a variety of assumptions to climb from association (data) to causality 

(causal conclusions), violating these assumptions may result in various biases.



ÅConclusions

61

ÅAccording to Table 1, we can define the descriptive biases in RS formally using the 

rigorous syntax of causal inference. 

ÅIt also provides an opportunity to apply the existing causal inference methods to 

RS.

ÅIn addition, for the unique characteristics of RS, we expect that a series of new 

methods will be developed by weakening or substituting the assumptions.

Peng Wu, Haoxuan Li, Yuhao Deng, Wenjie Hu, Quanyu Dai, Zhenhua Dong, Jie Sun, Rui Zhang, Xiao-Hua Zhou (2021), ``Causal Analysis Framework for 

Recommendationóô, arXiv:2201.06716. (To appear in IJ-CAI)

Jiawei Chen and Hande Dong and Xiang Wang and Fuli Feng and Meng Wang and Xiangnan He (2020), ô Bias and Debias in Recommender System: 

A Survey and Future Directionsô, arXiv:2010.03240. 
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Structural Causal Model

ÅHow to express mathematically some common understandings, such as 
symptoms do not cause diseases?

ὢ Ὗ
ὣ ‍ὢ Ὗ

Pearl, Judea. "Causal inference." Causality: objectives and assessment (2010): 39-58.

X: disease    Y: symptom
To express the 

inherent directionality

ÅThe straightforward generalization 

Causal Graph / Causal Diagram

Causal diagrams encodes causal assumption via missing arrows, representing claims of zero influences

Ὗ ὥὲὨὟ : exogenous

ὤ Ὢ Ὗ
ὢ Ὢ ὤȟὟ
ὣ Ὢ ὢȟὟ

Non-parametric

interpretation
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Structural Causal Model

ÅCausal graph is important

ὤ Ὢ Ὗ
ὢ ὼ
ὣ Ὢ ὢȟὟ

Try to compute the expected effect of setting ὢto ὼ, denoted as ὉὣὨέὢ ὼ

ÅAccording to the graph, we have 

ὉὣὨέὢ ὼ Ὁὣὼȟregardless what ὪȟὪȟὪ is.

ÅThe right hand side is estimable from the distribution of observed variables, i.e., ὖὼȟώȟᾀȟ

setting ὢto ὼ
Ὠέὢ ὼ

Pearl, Judea. "Causal inference." Causality: objectives and assessment (2010): 39-58.

The causal graph encodes most causal assumptions between variables, the form of Ὢẗ could be 

unknown.   
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Structural Causal Model

ÅBasic causal structure in causal graph

Zȡmediator

Å ὢand Y are associated.

Å condition on Z, ὢand Y 

are independent

Chain Confounding Colliding

Zȡconfounder

Å X does not affect Y, but ὢand Y 

are correlated. Spurious correlations.

Å condition on Z, ὢand Y are 

independent, blocking the spurious 

correlations. 

Zȡcollider

Å ὢand Y are independent. 

Å Condition on Z, ὢand Y are 

correlated, bringing spurious 

correlations. 
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Structural Causal Model

ÅCorrelation is not causation

Confounders and controlling colliders would bring 

spurious correlations between treatment and outcome. 

It is impossible to answer causal question with 

correlation-level tools 

ÅSCM provides do-calculus 

It provides various principles to identify target causal effect.

For example, utilize the backdoor adjustment when confounders exist

If no node in Z is a descendant of X, and blocks every path 

between X and Y that contains an arrow into X (backdoor 

path), then the average causal effect:

ὖὣὨέὢ В ὖὣὢȟὤὖὤ

ὖὣὨέὢ

ȟ

ὖὣὢȟᾀȟὥὖᾀȟὥ

Confounder E,Z,A will bring 

spurious correlation
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Structural Causal Model

ÅSCM provides both a mathematical foundation and a friendly calculus 

for the analysis of causes and counterfactuals.

ÅIt can deal with the estimation of three types of causal queries:

Å Queries about the effect of potential interventions.

To compute causal effect, e.g., ὖὣȿὨέὢ
Å Queries about counterfactuals.

e.g., whether event A would occur had event B been different ?

Å Queries about the direct / indirect effects. (based on counterfactuals)

ὢ ὣ

ὤ

the direct effects of ὢon ὣχὢᴼὣ
the indirect effects of ὢon ὣ: ὢᴼὤᴼὣ
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Recommendation based on SCM

Q1: Queries about 

causal effect.

De-biasing via deconfounding
Å Observed confounding bias

Å Unobserved confounding bias

Counterfactual inference:

Å (in)direct effect for debiasing

Å data argumentation

Å fairness

Å explanation

Utilize colliding structure
Å Disentangle

Å Model retraining
Q2: Queries about 

counterfactuals.

Q3: Queries about the 

direct/indirect effects. 

Recommendation
Causal queries

Deal with 

confounding/colliding

answer 

counterfactual questions
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Recommendation based on SCM

ÅDealing with confounding structures in recommendation (Yang Zhang)
ÅConfounding in recommendation.

ÅDeal with observed confounders. 

ÅDeal with unobserved confounders.

ÅConsidering colliding structures in recommendation (Yang Zhang)
ÅColliders in recommendation

ÅModeling the colliding effect

ÅCounterfactual recommendation  (Wenjie Wang)
ÅCounterfactual inference for recommendation

ÅCounterfactual data augmentation

ÅCounterfactual fairness

ÅCounterfactual explanation
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Recommendation based on SCM

ÅDealing with confounding structures in recommendation
ÅConfounding in recommendation.

ÅDeal with observed confounders. 

ÅDeal with unobserved confounders.

ÅConsidering colliding structures in recommendation
ÅColliders in recommendation

ÅModeling the colliding effect

ÅCounterfactual recommendation
ÅCounterfactual inference for recommendation

ÅCounterfactual data augmentation

ÅCounterfactual fairness

ÅCounterfactual explanation
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Confounding in recommendation

ÅAre there confounders in recommendation?

price click

quality

Item features click

brand

ÅWhatõs more, some confounder are observable/measurable, some confounder are 

unobservable/unmeasurable.  

e.g.,  company is measurable, quality is unmeasurable.

ÅThere are some possible examples

éé

exposed item click

position
algorithm 

strategy
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Confounding in recommendation

ÅIs it necessary to deal with confounding effects?

ÅThe goal of recommendation: estimate user preference. But user preference is 

implicit.

ÅWe estimate it as ὖὣȿὟȟὍ, i.e., taking the correlations between (U,I) pair and 

click Yas the preference.   

U

Y

I

ÅHowever, when there are confounders between U/I and Y(red line), the confounding 

effect will also manifest as correlations, while it cannot reflect user preference. 

Thus, we need to deal with the confounding problem in recommendation!

Next, we will show how to deal with confounding problem.

M M

I

U
Y
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Existing work regarding observed confounders 

ÅExisting work

Å Zhang et.al. PDA

Å Wang et.al. DecRS

Å Yang et.al. DCM

2021 SIGIR&KDD 2021CIKM

Å Gupta et.al. CauSeR

2022

Å Zhang et.al. DCR

Å Wang et.al. CaDSI

The backdoor adjustment is obvious selection, and most work is based on it.

The above work considers different problems caused by confounder, and 

has different strategies to implement the backdoor adjustment.
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PDA: Confounding view of the popularity bias  

ÅPopularity bias

ÅFavor a few popular itemswhile not giving deserved attention to the 
majority of others

ÅThe popular items are recommended even more frequently than their 
popularity would warrant, amplifyinglong-tail effects.

ÅPrevious methods ignore the underline causal mechanism and blindly 
remove bias to purchase an even distribution.

ÅBut, not all popularity biases data are bad.

ÅSome items have higher popularity because of better quality.

ÅSome platforms have the need of introducing desired bias (promoting the items 

that have the potential to be popular in the future).

Zhang et al. SIGIR 2021. Causal Intervention for Leveraging Popularity Bias in Recommendation
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ÅWhat is the bad effectof popularity bias? 

ÅCommon causal assumption
Å ὟȟὍᴼὅ: user-item matching affects click.

Å Item popularity also has influence on the 

recommendation process, but is not considered.

PDA: Confounding view of the popularity bias  

Ὅ

Ὗ

ὅ

Ὅ

Ὗ

ὅ

Å ὤᴼὍ: Popularity affects item exposure. 

Å ὤᴼὅ: Popularity affects click probability.

Å ὤis a confounder, bringing spurious (bad effect) 

correlation between Ὅand ὅ.

Å Take the causation ὖὅȿὨέὟȟὍ , instead of  the 

correlation ὖὅȿὟȟὍ, as user preference. 

ÅCofounding view

ὤ: item pop

U: user; I: exposed item;

C: interaction label

Causation (backdooradjustment):
╟╒▀▫╤ȟ╘ В╩╟╒╤ȟ╘ȟ╩╟╩

Correlation:
ὖὅὟȟὍ В ὖὅὟȟὍȟὤὖὤȿὍ

ᶿВὖὅὟȟὍȟὤὖὍὤὖὤ

Bad effect

Zhang et al. SIGIR 2021. Causal Intervention for Leveraging Popularity Bias in Recommendation
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ÅTo estimate :

ü Step 1. EstimateP(C|U,I,Z)

- ὖ ὧ ρόȟὭȟά Ὢ όȟὭ ά

- ά the popularity of item i in timestamp t

- Learn with traditional loss

ü Step 2.Computeὖ#ȿÄÏ5ȟ)
- В ὖὅὟȟὍȟὤὖὤ ᶿὪ όȟὭ
- Derivation sees the paper     

ÅTraining & Inference: Popularity De-confounding (PD, remove bad effect)

ÅAnother Inference: Popularity Adjusting (inject desired popularity bias)
ü Inject the desired pop bias ὤby causal intervention 

ὖὅὨέὟȟὍȟὨέὤ ǿᾀ

Zhang et al. SIGIR 2021. Causal Intervention for Leveraging Popularity Bias in Recommendation

Ὢ όȟὭ ά

PDA: Confounding view of the popularity bias  

do(U,I)
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DecRS: De-confounding for Alleviating Bias Amplification  

ÅBias amplification: 

over-recommenditemsin the 

majority group

ÅWhat is it? ÅWhy?

Å An item with low rating
receives a higher prediction
score becauseit belongsto
the majoritygroup.

Å Intuitively,we can know that
the user representation
shows stronger preference
to majoritygroup.

Wang et al. SIGKDD 2021. Deconfounded recommendation for alleviating bias amplification.
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DecRS: De-confounding for Alleviating Bias Amplification  

ÅA Causal view of bias amplification
ÅὈȡuser historicaldistribution over item group . Ὠ

ὴ Ὣ ȟȣȟὴ Ὣ ȟe.g.,Ὠ [0.8,0.2].

Åὓ: to describehow muchthe user likesdifferent item

groups,decidedbyὈandὟ.

Å Ὗȟὓ ᴼὣ: an item i can havea high Y because: 1)

userõspure preferenceover the item (Ὗᴼὣ) or 2) the

usershowsinterest in the item group(Ὗᴼὓᴼὣ).

VὈ is a confounderbetweenὟandὣȟbringingspuriouscorrelations: giventhe itemὭin a groupὫ, the

more superiorὫis inόõshistory,the higherthe predictionscoreὣbecomes.

ÅBackdoor adjustment

Wang et al. SIGKDD 2021. Deconfounded recommendation for alleviating bias amplification.
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DecRS: De-confounding for Alleviating Bias Amplification  

ÅDeconfoundedRecommender System (DecRS)

Å Backdooradjustmentapproximation:

(1) Samplingdistributionsto represent ;꜠

UsefunctionὪẗ(FM)to calculate0ὣȿόȟὭȟὓὨȟό .

(2) ApproximationofὉ ὪẗȢ
Å Expectationof functionὪ(·) of▀in Eq. 4 is hard to compute

becausewe needto calculatethe resultsofὪ(·) for each▀.

Å Jensenõs inequality : takethe suminto the functionὪ(·) .

ÅTo implement:

ὖὣὨέὟ ◊ȟὍ ░ В▀ɴ ꜠ὖ▀ὖὣȿ◊ȟ░ȟὓ▀ȟ◊ (3) 

Challenge: the sample space of Ὀis infinite.

ὖὣὨέὟ ◊ȟὍ ░ В
▀ɴ ꜠ὖ▀ὖὣ◊ȟ░ȟὓ▀ȟ◊

В
▀ɴ ꜠ὖὨὪ◊ȟ░ȟὓ▀ȟ◊ (4) 

Infinite Sample Space

Approximation

Wang et al. SIGKDD 2021. Deconfounded recommendation for alleviating bias amplification.

Different to PDA,  the learn one directly represents the target casual effect.

learn it with data
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Existing Work for Unobserved Confounders

ÅThe methods based on backdoor adjustment need the confounders could be 

observable and controllable. 

ÅHowever, unobserved/unmeasurable/uncontrollable confounders exist in 

recommendation. How to deal with them? 

Å There are two lines of work:

Front-door adjustment Learning substitutes 

2020 NeurIPS

2020 RecSys
Wang et.al. DCF

Zhou et.al. VSR

2022 arxiv
Zhu et.al. Deep-Deconf

Zhu et.al. HCR

Xu et.al. DCCF

Early 2022

Late 2021
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HCR: The Front -door Adjustment -based Method

Å Source of confounding bias is the confounder that affects item 
attributes and user feedback simultaneously.

Å Some confounders are hard to measure.
Å Technical difficulties, privacy restrictions, etc.

Å E.g., product quality.

Å Removing hidden confounders is hard:

Å Inverse Propensity Weighting

Å Based on strict assumption of no hidden confounder.

Å Backdoor Adjustment

Å Require the confounderõs distribution.

High Price
Positive 

Ratings

High 

Quality

Spurious

correlations

Xinyuan Zhu et.al. ñMitigating Hidden Confounding Effects for Causal Recommendationò in 2022.
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HCR: The Front -door Adjustment -based Method

ÅAbstract user feedback generation process into causal graph.
Å ὠ: hidden confounder; ὒ: like feedback; Ὅ: item; Ὗ: user.

Å ὓ: a set of variables that act as mediators between ὟȟὍand ὒ, e.g., user-item 
feature matching, and click.

ÅKey: 
ÅBlock the backdoor path ὍN ὠᴼὒ
ÅEstimate the causal effect of Ὅon ὒ, i.e.,

ὖὒȿὟȟÄÏὍ .

ÅHidden Confounder Removal (HCR) framework.

Å Front-door adjustment

Ådecompose causal effect of Ὅon ὒinto: 1) the effects of Ὅon ὓand 2) the 

effect of ὓon ὒ.
ὖὒὟȟÄÏὍ В ὖὓὟȟὨέὍὖὒȿὟȟὨέὓ

В ὖὓȿὟȟὍВ ὖὍᴂὖὒὓȟὟȟὍ
Xinyuan Zhu et.al. ñMitigating Hidden Confounding Effects for Causal Recommendationò in 2022.
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HCR: The Front -door Adjustment -based Method

ÅHidden Confounder Removal (HCR) framework

ÅὖὒὨέὍȟὟ
В ὖὓȿὟȟὍВ ὖὍᴂὖὒὟȟὍȟὓ
ÅMulti-task learning
ÅLearns ὖὓὟȟὍḧὪ ὟȟὍ
ÅLearn 

0ὒὓȟὟȟὍḧὬὟȟὍȟὓ
Ὤ ὟȟὓὬ ὟȟὍ

ÅInference
ÅInfer ὖὓὟȟὍÁÎÄὖὒὟȟὍȟὓ
ÅGet rid of the sum over Ὅand obtain 

ὖὒὟȟὨέὍ
В Ὢ ὟȟὍВ ὖὍὬ ὟȟὓὬ ὟȟὍ
В Ὢ ὟȟὍὬ Ὗȟὓ В ὖὍὬ ὟȟὍ

ὛВ Ὢ ὟȟὍὬ Ὗȟὓ
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Learning Substitutes -based Method 

ÅMultiple causes assumption for recommendation:

Å multiple causes: each userõs binary exposure to an item ὥ is a cause(treatment), thus there are 

multiple causes.

Å There are multiple-cause confounders (confounders that affect ratings and many causes).

Å Single-cause confounders (confounders that affect ratings and only one cause) are negligible.

Wang et al. RecSys 2020. Causal inference for recommender system.

Zhu et.al. Arxiv 2022. Deep causal reasoning for recommendations. 
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Learning Substitutes -based Method 

ÅLearning substitutes to deconfounding:

Wang et al. RecSys 2020. Causal inference for recommender system.

Wang et.al. J Am Stat Assoc 2019. The blessings of multiple causes.

Zhu et.al. Arxiv 2022. Deep causal reasoning for recommendations. 

Key:  if ╩◊renders the ╪◊ȟ░õs conditionally independent 

then there cannot be another multi -cause confounder

Contradiction: assume ὴὥ ȟȣȟὥ ȿᾀ Бὴὥ ȿᾀ , if there is 

a multi-cause confounder, the conditional independence cannot hold.  

Å Step 1:  learning substitutes

Finding a ὤ , such that:

ὴὥ ȟȣȟὥ ȿᾀ Бὴὥ ȿᾀ

Example:

find a generative model:

ὖ ὃ ὤ Б ὄὩὶὲὥ ȿ—ᾀ
then:

find ή ὤȿὃ with variation-inference

Å Step 2:  deconfoundedrecommender

Control the substitutes to fit 

recommender model

Example:

ώ ὥ —‍ẗὥ ‎ẗᾀ ‭
where — and ‍ refer user preference and 

item attributes, respectively.
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Å Zhang, Yang, et al. "Causal intervention for leveraging popularity bias in recommendation." Proceedings of 

the 44th International ACM SIGIR Conference on Research and Development in Information Retrieval. 

2021. (Zhang et.al. PDA)

Å Wang, Wenjie, et al. "Deconfounded recommendation for alleviating bias amplification." Proceedings of 

the 27th ACM SIGKDD Conference on Knowledge Discovery & Data Mining. 2021. (wang et.al. DecSR)

ÅWang, Xiangmeng, et al. "Causal Disentanglement for Semantics-Aware Intent Learning in 

Recommendation." IEEE Transactions on Knowledge and Data Engineering (2022). (Wang et.al. CaDSI)

ÅGupta, Priyanka, et al. "CauSeR: Causal Session-based Recommendations for Handling Popularity Bias." 

Proceedings of the 30th ACM International Conference on Information & Knowledge Management. 2021. 

(Gupta et.al., CauSeR) 

Å Yang, Xun, et al. "Deconfounded video moment retrieval with causal intervention." Proceedings of the 44th 

International ACM SIGIR Conference on Research and Development in Information Retrieval. 2021. (Yang 

et.al. DCM)

ÅWang, Yixin, et al. "Causal inference for recommender systems." Fourteenth ACM Conference on 

Recommender Systems. 2020. (Wang et.al. DCF)

Papers for confounding in recommendation  
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Recommendation based on SCM

ÅDealing with confounding structures in recommendation
ÅConfounding in recommendation.

ÅDeal with observed confounders. 

ÅDeal with unobserved confounders.

ÅConsidering colliding structures in recommendation
ÅColliders in recommendation

ÅModeling the colliding effect

ÅCounterfactual recommendation
ÅCounterfactual inference for recommendation

ÅCounterfactual data augmentation

ÅCounterfactual fairness

ÅCounterfactual explanation
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Colliders in Recommendation 

ÅAre there colliders in recommendation?

Å There are variables affected by many factors. Such as, the happening of clicking is affected by 

user preference and the exposure position.

Å Existing work also tries to construct colliders manually. 

ÅTo utilize or eliminate colliding effects?
ὢὢ

ὤ

Å Assume that we have known ὢ, try to estimate ὢ.

Å Condition on ὤ, ὢ and ὢ could be correlated.

Å That means condition on ὤ,  ὢ would provide us more 

information to estimate ὢ.

ὢὢ

ὤ

In recommendation,  we usually face with this case (know ὢ
and ὤto predict ὢ). Thus existing work based on SCM tries 

to utilize colliding effects to better learn some targets. 
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DICE: Colliding Effects for Disentangling True Interest

ÅWhat are causesof a user-item interaction (click)?

User 1
User 2Two main causes:

Å Interest

Å Conformity

User tend to follow the mainstream

ÅDisentangleInterest and Conformity to identify true interest. 

Zheng et al. WWW 2021. Disentangling User Interest and Conformity for Recommendation with Causal Embedding

ÅBut it is hard because of lacking ground-truth. (An interaction can come from either factor 
or both factors)

ÅColliding effect can come to help:

0ÏÐÕÌÁÒÉÔÙ)ÎÔÅÒÅÓÔ

ÃÌÉÃË

Å Interest and Popularity (conformity) are independent

Å But, they are correlatedgiven clicks:

A click on less popular item Ą High Interest
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ÅPartial pairwise data identifies true interest: 
ü ὕȡ{<u, pos_item, neg_item>,  wherein pos_itemis less 

popularthan neg_item}  

ü Pairwise cause-specific data (interst-driven): we can 

ascertain that the interaction is more likely due to user 

interest 

Zheng et al. WWW 2021. Disentangling User Interest and Conformity for Recommendation with Causal Embedding

0ÏÐÕÌÁÒÉÔÙ)ÎÔÅÒÅÓÔ

ÃÌÉÃË

ͮ

ÅSolution:

Å Key1: Split user/item representation into two embeddings

ÅKey2: learning 

interest embedding 

on interest-driven 

pairwise data (ὕ). 

DICE: Colliding Effects for Disentangling True Interest
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Å Usually,usingthe incrementalinteractiondataὍfor efficientretraining.

Å Only updatingthe representationsof active user/itemcorrespondingto Ὅ.

Å Ignoringthe representationsof inactive user/item.

Ὑ ȟ Ὑ ȟ

ÅὙ ȟ :  Representations of inactivate user/item at time t-1.

ÅὙ ȟ:  Representations of inactivate user/item at time t.

ÅὙ ȟ :  Representations of activate user/item at time t-1.

ÅὙ ȟ:  Representations of activate user/item at time t.

ÅὍ:  Incremental interaction data collected from time t-1 to t.

Ὑ ȟ Ὑ ȟ

Ὅ

Causal graph of incremental training

Colliding Effects for Incremental Training

Å Incrementaltrainingfor recommendersystem

Ding, Sihao, et al. "Causal incremental graph convolution for recommender system retraining." IEEE TNNLS (2022).
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Ὑ ȟ Ὑ ȟ

Ὑ ȟ Ὑ ȟ

Ὅ

Å Causal incremental training with colliding effects

Ὑ ȟ Ὑ ȟ

Ὑ ȟ Ὑ ȟ

Ὅ

Ὓ=Ὓ

Ὑ ȟ Ὑ ȟ

Ὑ ȟ Ὑ ȟ

Ὅ

Å Creatinga colliderὛbetweenὙ ȟandὙ ȟ, Ὓ is the similaritybetweenrepresentationsof activeandinactivateuser/item.

Å RestrainingὛ=Ὓ to openthe causalpathὍᴼὙ ȟᴼὙ ȟwith the helpof collidingeffect.

Å Usingthe incrementaldataὍsimultaneouslyupdatebothὙ ȟÁÎÄὙ ȟ.

Building colliding effect

Colliding Effects for Incremental Training

Ὓ

Ding, Sihao, et al. "Causal incremental graph convolution for recommender system retraining." IEEE TNNLS (2022).
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Recommendation based on SCM

ÅDealing with confounding structures in recommendation

ÅConfounding in recommendation.

ÅDeal with observed confounders. 

ÅDeal with unobserved confounders.

ÅConsidering colliding structures in recommendation
ÅColliders in recommendation

ÅModeling the colliding effect

ÅCounterfactual recommendation

ÅCounterfactual inference for recommendation

ÅCounterfactual data augmentation

ÅCounterfactual fairness

ÅCounterfactual explanation



ÅCounterfactual Recommendation
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ÅCounterfactual inferencefor recommendation

o Focus on removing path-specific effects for debiasing or OOD generalization

o First estimate the causal effect by comparing a counterfactual world with the factual world,

and then mitigate path-specific effects.

ÅRepresentativeWork
ÅWang, et al. Clicks can be cheating: Counterfactual recommendation for mitigating clickbait issue. In SIGIR 2021. 

ÅWei, et al. Model-agnostic counterfactual reasoning for eliminating popularity bias in recommender system. In KDD 
2021.

ÅWang, et.al. Causal representation learning for out-of-distribution recommendation. In WWW 2022.

ÅWang, et.al. User-controllable recommendation against filter bubbles. In SIGIR 2022. 
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Clickbait Issue
Å It is commonthat auserisòmisledóto clickanitem by the attractivetitle/cover.

ÅConsequently,recommendermodelwill recommenditemswith attractiveexposurefeaturesbut

disappointingcontent featuresfrequently.

ÅNegativeeffect:

ÅUnfair to the itemswith high-qualityvideocontent.

ÅHurt userõstrust and satisfaction .

ÅAttractive exposure features (e.g., title/cover) anddisappointingcontent features (e.g., video).
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Fig. Statistics of clicks and likes on Tiktok dataset. Partly show

the wide existence of clickbait issue.

Wang, et al. "Clicks can be cheating: Counterfactual recommendation for mitigating clickbait issue." SIGIR 2021. 

ÅCounterfactual Recommendation
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×Causal Graph

Ådescribecausalrelationships

ÅExposurefeaturesandcontent featuresare fusedinto

item features.

ÅA direct shortcut from exposure features to the

prediction score: an item canbe recommendedpurely

becauseof its attractivetitle/cover.

ÅReference situation denotes that the feature

influenceis null.

×NDE of exposure features on the prediction score

ÅEstimatenaturaldirect effect(NDE) in a counterfactual

world, which imagines whatthe predictionscorewould

beif theitemhadonlytheexposurefeatures.

×CR inference :

ÅReducethe direct effect of exposurefeaturesduring

inference.

Wang, et al. "Clicks can be cheating: Counterfactual recommendation for mitigating clickbait issue." SIGIR 2021. 

ÅCounterfactual Recommendation
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Evaluation: evaluate the performance by post-click feedback (e.g., rating).

Observations :

ÅCFTandIPW perform worse thanNT.

ÅPost-click feedbackcouldbehelpfulbasedon the performanceof RR.

ÅProposedCR inferencesignificantlyrecommendsmore satisfyingitemsby mitigatingclickbaitissue.

w/ post-click

feedback

w/o post-click

feedback

Wang, et al. "Clicks can be cheating: Counterfactual recommendation for mitigating clickbait issue." SIGIR 2021. 

ÅCounterfactual Recommendation
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Popularity Bias in Recsys

ÅPopularitybias Unevenpopularitydistribution
ÅThe popularitemsare recommendedevenmore frequentlythantheir popularity

would warrant,amplifyinglong-tail effects.

ÅFavora few popularitemswhile not givingdeservedattention to the majority of
others.

ÅFrom data perspective:

Long-tail distribution

Wei et al. Model-Agnostic Counterfactual Reasoning for Eliminating Popularity Bias in Recommender System. In KDD 2021.

ÅCounterfactual Recommendation
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K

I

U

R K

I

U

R K

I

U

R

Common Recommender

User-Item Matching
Popularity biasmodeling:

Incorporating item popularity

User-specific modeling:

Incorporating item popularity & 

user activity

User

Item

Matching

ÅCausal Viewof Popularity Bias

Ranking Score

ÅEdge IO R captures popularity bias.

ÅEdge UO R captures the user sensitive to popularity.

ÅSolution Idea:
ÅTrain a recommender based on the causal graph via a multi-task learning

ÅPerform counterfactual inference to eliminate popularity bias (Questionto answer: 

what would the prediction be if there were onlypopularity bias? )
Wei et al. Model-Agnostic Counterfactual Reasoning for Eliminating Popularity Bias in Recommender System. In KDD 2021.

ÅCounterfactual Recommendation
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K

I

U

R +z

I

U

R
)z

Å Counterfactual Inference to Remove Bias

Å Question: what the prediction would be if there were no bias?

5ᶻ

Factual World 

(original prediction)
Counterfactual World 

(block matching to capture bias)

ὝὍὉὝὉ ὔὈὉ ὣὟ όȟὍ Ὥȟὑ ὑȟ ὣὟ όȟὍ Ὥȟὑ ὑ ȟzz

Factual world Counterfactual world

Inference with  TIE ώ „ώ „ώ -ὧ „ώ „ώ

Wei et al. Model-Agnostic Counterfactual Reasoning for Eliminating Popularity Bias in Recommender System. In KDD 2021.

ÅCounterfactual Recommendation
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data

Method

Adressa Yelp2018

Recall NDCG Recall NDCG

MF 0.0853 0.0341 0.0060 0.0094

ExpoMF 0.0896 0.0365 0.0060 0.0093

MF_causE 0.0835 0.0365 0.0051 0.0083

MF_BS 0.0900 0.0377 0.0061 0.0098

MF_reg 0.0659 0.0332 0.0050 0.0081

MF_IPS 0.0964 0.0392 0.0062 0.0100

MACR 0.1090 0.0495 0.0264 0.0192

data

Method

Adressa Yelp2018

Recall NDCG Recall NDCG

Lgcn 0.0977 0.0395 0.0044 0.0086

Lgcn_causE 0.0823 0.0374 0.0050 0.0088

Lgcn_BS 0.1085 0.0469 0.0048 0.0088

Lgcn_reg 0.0979 0.0390 0.0042 0.0083

Lgcn_IPS 0.1070 0.0468 0.0054 0.0090

MACR 0.1273 0.0525 0.0312 0.0177

MF-based LightGCN-based

ÅEvaluate MACR framework on two base models: MF and LightGCN.

ÅTesting data is intervened to be uniform.

Wei et al. Model-Agnostic Counterfactual Reasoning for Eliminating Popularity Bias in Recommender System. In KDD 2021.

ÅCounterfactual Recommendation



102

Counterfactual inference for OOD recommendation

Å Recommenderlearns user preference from historical interactions.

Å However, user representation learning is usually based on the IID assumption 

between the training and testing interactions.

Å OOD recommendation:ὖὣ ρὟȟὍ ὖὣ ρὟȟὍȟὉ ρὖὉ ρὟȟὍ
1) Shiftofὖὣ ρὟȟὍȟὉ ρȡchangeof userpreference.

2) ShiftofὖὉ ρὟȟὍ: changeof recommendationpolicy(e.g.,biasedpolicy).

Ὗ: user;Ὅ: item

ὣȡuser interaction

Ὁȡexposure

ÅFocuson the shift ofὖὣ ρὟȟὍȟὉ ρȡchangeof userpreference.
ÅObservedfeatures, e.g.,consumptionlevel,location,age.

ÅUnobservedfeatures,e.g.,changedmood,contextfactors.

Wang, et al. ñCausal Representation Learning for Out-of-Distribution Recommendation.ò In WWW 2022. 

ÅCounterfactual Recommendation
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ÅProposeOOD objective for userrepresentation learning.

Å StrongOOD generalizationwithout new interactions.

Å Two keyconsiderations:

1) Figure out the mechanism how feature shifts affect user preference.

2) Mitigate the effect of out -of-date interactions .

ÅConsideration1: usecausalgraphto inspectinteractiongenerationprocedure.

ÅFormulationof OOD recommendation:ὖὈὨέὉ ▄ ȟὉ Ȣ

Wang, et al. ñCausal Representation Learning for Out-of-Distribution Recommendation.ò In WWW 2022. 

Causal OOD recommendation framework

ÅCounterfactual Recommendation
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ÅLeverageVAEframeworkto modelthe interactiongenerationprocess

1) Encoder:predict the unobserveduserfeaturesὉ.

2) Decoder:modelthe causalrelations ὉȟὉ ᴼ ὤȟὤ ᴼὈ.

ÅConsideration2: mitigate the effect of out-of-date interactions.

Å ὤ is updateddueto ὨέὉ ▄ , butὤ is still affectedby out-of-date▀because▀affects▄.

Ą Usercounterfactualinferenceto mitigatethe effectof▀onὤȢ

mitigate the effect of Ἤon ◑ᴂ

Wang, et al. ñCausal Representation Learning for Out-of-Distribution Recommendation.ò In WWW 2022. 

Causal OOD recommendation framework

ÅCounterfactual Recommendation
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Table. The comparison of OOD generalization performance without using OOD interactions. 

Figure. Fast adaptation performance w.r.t. different proportions of new interactions collected from the OOD environment. 

1

2

Wang, et al. ñCausal Representation Learning for Out-of-Distribution Recommendation.ò In WWW 2022. 

ÅCounterfactual Recommendation
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ÅCounterfactual inferencefor mitigatingfilter bubbles

o Filter bubbles in recommendation: continually recommending many homogeneous items, 

isolating users from diverse contents.

o Solution: let users control the filter bubbles by directly adjusting recommendations.

o Two-level user controls regarding either a user or item feature.

ÅCounterfactual Recommendation

o Fine-grained level: increase the items w.r.t. a specified

user or item feature.

o For example, ñmoreitems liked by young usersò.

o Coarse-grained level: no need to specify the target

user/item group.

o For example, ñnobubble w.r.t. my ageò

o A counterfactual imagination
o Real-time response to user controls.

o Need to reduce the effect of historical user

representations.

o Counterfactual inference.

Wang, et al. User-controllable recommendation against filter bubbles. In SIGIR 2022. 
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Recommendation based on SCM

ÅDealing with confounding structures in recommendation

ÅConfounding in recommendation.

ÅDeal with observed confounders. 

ÅDeal with unobserved confounders.

ÅConsidering colliding structures in recommendation
ÅColliders in recommendation

ÅModeling the colliding effect

ÅCounterfactual recommendation

ÅCounterfactual inference for recommendation

ÅCounterfactual data augmentation

ÅCounterfactual fairness

ÅCounterfactual explanation
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ÅCounterfactual data augmentationfor alleviatingdatasparsity

o Generate counterfactual interaction sequences for sequential recommendation.

o Simulate the recommendation process and generate counterfactual samples, including

recommendations and user feedback.

Å Representativework

ÅZhang, et al. ñCauserec: Counterfactual user sequence synthesis for sequential recommendation.òIn SIGIR 2021. 

ÅWang, et al. "Counterfactual data-augmented sequential recommendation." In SIGIR 2021.

ÅYang, Mengyue, et al. "Top-N Recommendation with Counterfactual User Preference Simulation." In CIKM 2021.

ÅCounterfactual Recommendation
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ÅCounterfactual data augmentation

o Generate counterfactual interaction sequences for sequential recommendation.

Zhang, et al. ñCauserec: Counterfactual user sequence synthesis for sequential 

recommendation.òIn SIGIR 2021.

Wang, et al. ñCounterfactual data-augmented sequential recommendation.òIn

SIGIR 2021.

ÅCounterfactual Recommendation
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ÅCounterfactual data augmentation

o Simulate the recommendation process and generate counterfactual samples, including

recommendations and user feedback.

1) Learn SCM from observed data to simulate the recommendation process.

2) Conduct intervention on the recommendation list (R) to generate counterfactual samples.

3) Use observed and generated data to train the ranking model.

Yang, et al. ñTop-N Recommendation with Counterfactual User Preference Simulation.òIn CIKM 2021.

ÅCounterfactual Recommendation
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Recommendation based on SCM

ÅDealing with confounding structures in recommendation

ÅConfounding in recommendation.

ÅDeal with observed confounders. 

ÅDeal with unobserved confounders.

ÅConsidering colliding structures in recommendation
ÅColliders in recommendation

ÅModeling the colliding effect

ÅCounterfactual recommendation

ÅCounterfactual inference for recommendation

ÅCounterfactual data argumentation

ÅCounterfactual fairness

ÅCounterfactual explanation



ÅCounterfactual Recommendation

112

ÅCounterfactual fairness

o Pursue fair recommendation for the users

with different sensitive attributes (e.g.,

age and gender).

o Counterfactual fair recommendation.

o Use adversarial learning to remove the

sensitive information from user

embedding (ὶ).

Li, et al. ñTowards personalized fairness based on causal notion.òIn SIGIR 2021.

Åὢ andὤ are insensitive and sensitive features of the userό, respectively.

ÅὌ is the user interaction history.

Åὶis the user embedding.

Åὅ is the candidate item set forό.
ÅὛ are the predicted scores over the candidate items.
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Recommendation based on SCM

ÅDealing with confounding structures in recommendation

ÅConfounding in recommendation.

ÅDeal with observed confounders. 

ÅDeal with unobserved confounders.

ÅConsidering colliding structures in recommendation
ÅColliders in recommendation

ÅModeling the colliding effect

ÅCounterfactual recommendation

ÅCounterfactual inference for recommendation

ÅCounterfactual data argumentation

ÅCounterfactual fairness

ÅCounterfactual explanation



ÅCounterfactual Recommendation
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ÅCounterfactual explanation

o Generate explanation by counterfactual thinking.

o Find the minimal changes that lead to a different recommendation.

o Identify the most critical features causing the recommendations.

Tran, et al. ñCounterfactual Explanations for Neural Recommenders.òIn SIGIR 2021. Tan, et al. ñCounterfactual explainable recommendation.òIn CIKM 2021.
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ÅWang, et al. Clicks can be cheating: Counterfactual recommendation for mitigating clickbait

issue. In SIGIR 2021.

ÅWei, et al. Model-agnostic counterfactual reasoning for eliminating popularity bias in recommender

system. In KDD 2021.

ÅWang, et.al. Causal representation learning for out-of-distribution recommendation. In WWW 2022.

ÅWang, et.al. User-controllable recommendation against filter bubbles. In SIGIR 2022.

Å Zhang, et al. ñCauserec: Counterfactual user sequence synthesis for sequential

recommendation.òIn SIGIR 2021.

Å Wang, et al. "Counterfactual data-augmented sequential recommendation." In SIGIR 2021.

Å Yang, Mengyue, et al. "Top-N Recommendation with Counterfactual User Preference

Simulation." In CIKM 2021.

Å Li, et al. ñTowardspersonalized fairness based on causal notion.òIn SIGIR 2021.

Å Tran, et al. ñCounterfactualExplanations for Neural Recommenders.òIn SIGIR 2021.

Å Tan, et al. ñCounterfactualexplainable recommendation.òIn CIKM 2021.

Papers for Counterfactual Recommendation
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ÅConnections

Ålogically equivalent:most theoremandassumptionscanbe equallytranslated.

ÅSCM

ÅIntuitive:usecausalgraphto explicitlydescribecausalrelationships.

ÅNeedmore knowledgeandassumptionson the causalgraph.

ÅPO

ÅEasyto capturesomeassumptionsthat cannot benaturally representedby DAGs,

suchasthe identiþcation of the Local Average Treatment Effect (LATE).

T Y

ὢ

ὢ ὢ

An intuitiveexample:

Å To estimate the causaleffect of T on Y, SCM might first assumethe

relationshipsbetweenὢ,ὢ,ὢ,Ὕ, andὣ, andthen SCMcancontrolὢ.

Å PO mightdirectly controlὢ,ὢ, andὢ without knowingthe fine-grained

causalrelationships.
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Outline

ÅIntroduction

ÅPotential outcome framework for recommendation

ÅStructural causal model-based recommendation

ÅComparison

ÅOpen problems, future directions and conclusions
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Summary of Current Causal Recommendation

ÅCausalrecommendationĄ Better Recommendation

- Debias

- Fairness

- Generalization

-é (Many other researches, we apologize for not covering all! Kindly let us 

know about your work and suggestions: fulifeng93@gmail.com)

ÅTry causal perspective to solve your recommendation problem

ÅTwo frameworks: PO and SCM-based methods

- Causal graph is the key of the SCM-based methods.

- Propensity scores are usually choice in PO-based methods.

- SCM based methods may need more causal assumptions. 

ÅHow to choose between PO and SCM? Requirements
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Open Problems and Future Directions

Causal assumption

Modeling

Evaluation 
User

Collecting

Data

Serving

(clicks, rates é) Training

(Top-N recommendations) 

Feedback Loop
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Causal Assumption 

ÅPO & SCM requires assumptions

ÅExisting PO-based methods need to choose covariates 

to satisfy the exchangeability assumption.

ÅExisting SCM-based methods need to manually draw 

the casual graph. 

ὖὣ ὃȿὒ
POM 

assumption

SCM

assumption

ÅRecommender system is a complex environment.

ÅPrior knowledge are insufficient. 

How to obtain proper causal assumptions?
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ÅFuture direction: causal discoveryin recommendation

Causal Assumption 

Automatic discovery of cause graphs with causal discovery algorithms
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ÅChallenges for applying casual discovery algorithms in recommendation

Causal assumption 

ÅNormal causal discovery algorithm only deals with few variables

ÅChallenge 1:

High-dimensionalinputs; hiddenvariables. 

ÅFuture direction: causal discoveryin recommendation
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ÅChallenges for applying casual discover algorithms to recommendation

Causal Assumption 

ÅThe output usually is a set of causal graphs instead of only one graph.

ÅChallenge 2:

Unreliablegraphs in the graph set.  

ÅFuture direction: causal discoveryin recommendation
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Causal Modeling

ÅExisting work focuses on one training step

Ὅ

Ὗ

ὅ

ὤ: popularity

click

user

Exposed

item

How to model the causal effect of feedback loop?

Popularity also influences 

the collecting step
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Causal Modeling

ÅFuture direction: Temporal causal modeling 

ὄ ὅ

ὃ

ὃ ὄ ὃ ὄ

Normal view

Temporal view

ὤ
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Causal Modeling

Recommendation data Neural network representation

user

item

ÅThe key of many recommender models is to learn user/item representations

ÅBut, rare work focus on injecting causation into representations 

ÅExisting work relies on latent representation

How to learn causal representation?


