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Abstract

The rapid expansion of digital platforms has rendered personalized recommenda-

tion systems essential for connecting users with pertinent information in increas-

ingly vast and dynamic content environments. Among these systems, sequential

recommendation (SR)—which models users’ evolving interests based on their behav-

ioral histories—serves as a cornerstone for a wide range of applications, including

e-commerce and news delivery. Despite considerable advancements, the majority of

existing methodologies are grounded in statistical associations, often overlooking the

underlying causal mechanisms that govern user behaviors. This limitation frequently

results in spurious correlations and various forms of bias, thereby undermining the

robustness and interpretability of recommendation outcomes.

This thesis systematically investigates causal representation learning for sequential

user behaviors, with particular emphasis on bridging generic sequential recommen-

dation and the distinct challenges inherent to news recommendation (NR). In this

context, three fundamental research challenges are identified and addressed through

a unified research agenda.

First, most existing causality-based recommendation approaches rely heavily on ex-

plicit external signals, such as item popularity or display position, to deconfound

user-item correlations. However, such features are frequently unavailable or insuffi-

cient in real-world scenarios. This raises the critical problem of how to uncover hidden

confounders and spurious factors that induce bias in user behavior modeling when
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explicit signals are absent. To address this, a causality-driven sequential user mod-

eling approach is introduced, which constructs causal graphs to identify and isolate

unobservable confounding factors within user interaction histories. This framework

effectively distinguishes genuine user interests from spurious correlations, thereby

mitigating the impact of implicit biases and shortcut pathways in generic sequential

recommendation tasks.

The second challenge stems from the inadequacy of relying on predefined causal

graphs in complex and dynamic recommendation environments. As user behaviors

and item spaces grow increasingly diverse, static causal structures fail to capture the

dynamic generative processes underlying user decision-making. To overcome this lim-

itation, the focus shifts to news recommendation—a domain characterized by rapidly

changing topics and low content similarity between consecutive items. To meet this

challenge, a Causal Behavior Pattern Inference (CBPI) framework is developed, which

learns latent causal graphs directly from user interaction data. This approach enables

the model to flexibly adapt to the evolving landscape of user interests and news con-

tent.

The third challenge lies in the necessity of capturing multi-level causality in user

behavior, which includes both the dependencies among observed interactions and

the generative influence of latent user interests on these behaviors. Existing causal

discovery (CD) methods are typically restricted to a single variable layer, rendering

them inadequate for modeling the hierarchical and intertwined nature of real-world

user decision processes. To this end, a hierarchical causal-inspired structure mod-

eling method for news recommendation is proposed, which jointly uncovers causal

relationships between latent interests and observable behaviors, resulting in more

interpretable and robust recommendations.

By systematically addressing these three challenges, this thesis presents a unified

causal representation learning framework that reconstructs user and item represen-

tations based on the underlying causal processes governing user behaviors. Exten-
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sive experiments on large-scale real-world datasets demonstrate that the proposed

causality-aware approaches significantly enhance recommendation accuracy, diver-

sity, and robustness, thereby establishing a new direction for the development of

personalized recommendation systems that are both effective and explainable.
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Chapter 1

Introduction

1.1 Background & Motivation

The rapid expansion of digital content on platforms such as e-commerce websites,

social networks, and news portals has fundamentally changed how people access and

engage with information. Faced with an overwhelming array of choices, users increas-

ingly depend on recommender systems (RSs) to help filter and personalize the content

they see [73, 40]. By leveraging patterns in users’ historical behaviors and item at-

tributes, these systems play a critical role in enhancing user satisfaction, increasing

engagement, and supporting the sustained growth of digital platforms.

One of the most important advances in this domain is sequential recommendation

(SR). Unlike traditional methods that treat each user-item interaction as an indepen-

dent event, SR explicitly considers the order and temporal dependencies within user

behavior [135, 110, 93]. By analyzing the sequence of interactions, such as browsing

products, listening to songs, or reading articles, SR models can capture how user

preferences evolve over time [123, 81, 9]. For instance, as shown in Figure 1.1, a

user’s recent interaction history can be used to predict the next item of interest. This

temporal modeling is key to understanding shifting preferences, adapting to trends,
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Chapter 1. Introduction

and providing recommendations that are sensitive to context [109, 63, 108]. Con-

sequently, sequential recommendation has been widely adopted by industry leaders

such as Amazon, Netflix, and YouTube [25].

……

Timeline Recommended item

User
Interaction history

Figure 1.1: An example of a sequential recommendation scenario.

Despite these advances, a central limitation remains: most sequential recommenda-

tion systems still rely heavily on statistical correlations in historical data, without

considering the underlying causal mechanisms that truly drive user choices. As a re-

sult, these models are prone to capturing spurious or coincidental associations, which

can introduce or amplify bias [99, 125]. This issue is illustrated in Figure 1.2. For

example, a user purchasing bread may later buy milk and butter, creating a pattern

of frequent co-occurrence. However, not all items that appear together are causally

linked. Milk and butter, for instance, often appear in the same basket but are not

directly related in terms of purchase motivation. Similarly, a toothbrush may occa-

sionally be bought alongside these groceries, yet it is not causally connected. Such

examples highlight that frequent item combinations do not necessarily reflect true

causal relationships. Methods that rely on statistical attention mechanisms may

therefore assign undue importance to causally unrelated item pairs, reinforcing ex-

isting biases, limiting diversity, and potentially misaligning recommendations with

genuine user interests [141, 28].

These challenges become even more pronounced in news recommendation (NR) [136,

118, 114]. Unlike product recommendation, where preferences often shift gradually,

news consumption is characterized by rapid changes in user interest, a constant pur-
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1.1. Background & Motivation

suit of novelty, and a need for topical diversity [137, 117]. Users may click on a wide

variety of topics in quick succession, and their preferences can change dramatically

in response to external events. As a result, simplistic sequential models that assume

smooth transitions are often inadequate for modeling news consumption. The unique

temporal dynamics and diversity requirements of NR amplify the risks associated with

spurious correlations and recommendation bias [86, 30], posing significant challenges

for building robust and interpretable systems.

Bread Milk Butter Toothbrush

Irrelevant itemCausal relation Spurious relation

Figure 1.2: Illustration of why causal modeling is important in sequential recommen-

dation.

Understanding and modeling causality is fundamental to addressing these issues.

Psychological research suggests that human decision-making is inherently driven by

logical, causal reasoning [70, 69], and these causal mechanisms often align with our

intuitive understanding of behavior [58]. Recognizing the shortcomings of purely

correlation-based approaches, recent work has increasingly focused on causal repre-

sentation learning in sequential recommendation [138, 47]. By explicitly accounting

for confounding factors—both observed and latent—causal methods [4, 87, 66] aim to

identify the true drivers of user actions. This transition from correlation to causation

is seen as essential for developing recommendation systems that are not only more

accurate, but also more robust and interpretable. As this thesis will explore, bridging

3



Chapter 1. Introduction

the gap from generic sequential recommendation to news recommendation through

causal representation learning is both a timely and impactful research direction, ad-

dressing the pressing needs of modern personalized information services.

1.2 Research Problem & Framework

Although sequential recommendation methods have made significant progress, most

existing approaches still rely mainly on statistical correlations found in historical

data, rather than identifying true causal relationships [75, 85, 18]. This reliance

creates both practical and theoretical challenges, limiting the development of robust,

interpretable, and genuinely personalized recommendation systems—especially when

moving from general sequential recommendation to the fast-changing field of news

recommendation [137, 117].

At the core of this thesis is the challenge of learning causal representations for sequen-

tial user behaviors. Our objective is to approach sequential recommendation from a

causal perspective, moving beyond superficial co-occurrences in the data to uncover

the true factors that drive user actions. This allows us to generate recommendations

that are both accurate and resilient to spurious correlations. This issue is especially

important in environments where user interests are continuously evolving and sub-

ject to external influences or hidden confounders, as is frequently observed in news

recommendation scenarios.

To address this overarching problem, three key research challenges are identified:

1. Debiasing without explicit external signals: Many current causal ap-

proaches in recommendation systems depend on explicit signals [97, 96], such

as item popularity or display position, to handle confounding effects. However,

these signals are often missing or incomplete in real-world sequential data. This

raises the challenge of how to learn unbiased user and item representations using

4



1.2. Research Problem & Framework

only behavioral logs, while reducing the impact of misleading correlations.

2. Adapting to dynamic and complex environments: In domains like news

recommendation, both the set of available items and user interests can change

rapidly. The static, pre-defined causal graphs commonly used in generic se-

quential recommendation are often unable to capture these changes. Therefore,

an important challenge is to develop methods that can infer and update causal

structures dynamically, adapting to evolving user behaviors and content.

3. Modeling hierarchical and multi-level causality: User decision-making is

inherently multi-layered, involving a hierarchy of causal factors. For example,

a user’s underlying interests drive observable behaviors, and these interests can

themselves be shaped by external events or long-term preferences. Most existing

methods focus on a single layer of variables [59, 105], overlooking the complex,

hierarchical nature of real-world user interactions. Overcoming this challenge

requires frameworks that can jointly reason about both latent interests and

observable actions.

The bottom layer of the framework focuses on causality-driven user modeling. At this

stage, the framework processes user-item sequential interaction data and constructs

latent causal graphs to capture unbiased patterns in user behavior, even when explicit

external confounding signals are missing. By identifying key causal factors within

both immediate and longer interaction sequences, this layer lays a strong foundation

for reducing bias. As a result, user and item representations become clearer and less

affected by misleading associations, which helps improve the accuracy and reliability

of recommendations.

The middle layer is centered on causal behavior pattern inference, a component es-

pecially important for news recommendation. In this part, the framework is able to

refine user interests and build causal graphs at the interest level, while also maintain-

ing logical consistency at the behavior level. This design allows the model to quickly
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Causality-driven User modeling (Research Contribution 1)

Causal Graph Definition Causal Factors across
Immediate Interactions

Causal Factors over
Interaction Sequence

Causal Behavior Pattern Inference (Research Contribution 2)

Interest Refinement Interest-level Causal
Graph Generation 

Behavior-level Logical
Alignment

Hierarchical Causal Modeling (Research Contribution 3)

Hierarchical Clustering Hierachical Causal
Structure Learning

Causal-aware User
Representation

User-item Sequential
Interaction Data

Generic Sequential
Recommendation

News Recommendation

Personalized Ranking,
Robustness, Diversity

Debiasing Without Explicit
External Signals

Adapting to Dynamic and
Complex Environments

Modeling Hierarchical and
Multi-level Causality

Figure 1.3: Causal representation learning framework sequential recommendation.

adapt to changes in both user preferences and news content, which is essential for

keeping up with the fast-paced and ever-changing environment of news platforms.

At the top layer, the framework introduces hierarchical causal-inspired representation

to better reflect how user decisions are influenced by multiple, layered factors. This

includes using hierarchical clustering, learning causal structures at different levels,

and forming user representations that are aware of these causal relationships. By

connecting users’ underlying motivations with their observable actions, this layer

not only makes the recommendations easier to interpret, but also improves their

robustness and diversity, supporting personalized ranking that truly matches users’

interests.

By systematically covering these three aspects, the proposed framework provides a

clear path from traditional correlation-based methods to more advanced causally in-

formed sequential recommendation. This framework forms the basis for the following

chapters, where specific methods and experiments will be described for both generic

6
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sequential recommendation and the more complex case of news recommendation.

1.3 Contributions

This thesis makes several key contributions to the field of sequential recommendation

by integrating causal representation learning into both generic and news recommen-

dation scenarios. The main contributions are as follows:

1. We propose a causality-driven user modeling approach for sequential recommen-

dation, shifting the focus from simple correlations to a causal perspective. This

approach leverages causal graphs to identify confounding factors that cause spu-

rious correlations and to isolate conceptual variables that truly represent user

preferences. By learning representations of these disentangled causal variables

at the conceptual level, our method distinguishes causal from non-causal asso-

ciations while preserving the sequential nature of user behaviors. This enables

more accurate identification of critical factors and helps mitigate unintended

biases.

2. To the best of our knowledge, we introduce the first model for Causal Behavior

Pattern Inference (CBPI) to discover latent causal graphs for interest matching

in personalized news recommendation. CBPI infers multiple latent interests

and uncovers their underlying causal relationships, dynamically adapting to

evolving user preferences. This work highlights the importance of identifying

causal behavior patterns in news recommendation and initiates the pioneering

exploration of causal discovery in this domain.

3. We present Hierarchical Causal-Inspired Representation (HCR), a unified frame-

work that explicitly learns and utilizes hierarchical causal structures in user be-

havior. By jointly modeling both intra-behavior dependencies and the influence

7



Chapter 1. Introduction

of user interests on behaviors, HCR provides more valid, causality-aware user

representations that support robust and accurate recommendations.

Overall, this thesis bridges the gap between traditional correlation-based and causally

grounded sequential recommendation. The proposed innovations address both fun-

damental theoretical issues and practical challenges, culminating in a robust, inter-

pretable, and adaptive solution for personalized information services.

1.4 Thesis Overview

This thesis is structured as follows:

1. Chapter 2 reviews the relevant literature, including foundational concepts and

recent developments in sequential recommendation, news recommendation, and

causal inference. This chapter also discusses the shortcomings of current ap-

proaches and underscores the importance of causal representation learning in

dynamic recommendation settings.

2. Chapter 3 presents our proposed Causality-driven User Modeling framework,

which seeks to uncover latent causal factors within users’ historical interaction

sequences. The goal is to generate unbiased user representations and enhance

the robustness of recommendations in general sequential recommendation sce-

narios

3. Chapter 4 introduces Causal Behavior Pattern Inference (CBPI) for news rec-

ommendation. This method is designed to dynamically infer and adapt per-

sonalized causal structures in response to rapidly evolving user interests and

content.

4. Chapter 5 details the Hierarchical Causal-Inspired Representation (HCR) frame-

work, which models multi-level relationships between latent user interests and

8
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observable behaviors. This approach aims to deliver more interpretable and

robust recommendations, with a particular focus on the news domain.

5. Chapter 6 concludes the thesis by summarizing the main research problems

addressed and the key contributions made. It also discusses potential directions

for future research in this field.
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Chapter 2

Literature Review

2.1 Sequential Recommendation: Generic Meth-

ods and News-Specific Advances

Sequential recommendation systems are developed to capture and anticipate how

users interact with items over time, with the goal of delivering personalized sugges-

tions that reflect users’ evolving preferences. The effectiveness of these systems relies

on several basic aspects: (1) user-item matching, which pertains to the collection of

historical user interactions with items—such as impressions, feedback scores, trans-

actions and clicks; (2) sequential user modeling, which encompasses techniques for

learning temporal dependencies within user behaviors by taking into account the or-

der and timing of interactions to enhance the predictive power of recommendations;

and (3) the differentiation between short-term and long-term interests, where robust

models are able to distinguish immediate preferences expressed within a single session

from broader, more persistent interests that develop over multiple sessions or longer

periods of activity.

Traditional solutions predominantly relied on matrix factorization (MF) [148, 13]

10
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and Markov chain (MC) models [27]. MF-based methods decompose the user–item

interaction matrix into latent factors, uncovering hidden relationships that explain

observed behaviors [33]. For example, FISM [37] focuses on item–item similarities

to model low-order dependencies. MC models, in contrast, are adept at capturing

short-term dynamics by assuming recent actions are strong predictors of subsequent

behavior, with higher-order MCs incorporating longer interaction histories [24, 25].

However, both paradigms struggle with data sparsity and are limited in modeling

complex, long-range and high-order dependencies.

The advent of deep neural networks (DNNs) has significantly transformed sequen-

tial recommendation. Recurrent neural networks (RNNs) and their variants (LSTM,

GRU) [64, 94, 8, 144] are widely adopted for modeling temporal dynamics but may in-

troduce spurious correlations and overlook collaborative effects. Convolutional neural

networks (CNNs) [84, 132] emphasize local sequential patterns but are constrained in

capturing long-term dependencies due to their fixed receptive fields. More recently,

graph neural networks (GNNs) [121] have emerged, structuring user-item sequences

as graphs to capture intricate, high-order dependencies and richer contextual sig-

nals. For instance, PUP [146] leverages graph convolutional networks (GCNs) to

jointly model user price sensitivity and category influence, while TiDA-GCN [22] in-

tegrates temporal and cross-domain information for multi-platform recommendation.

To overcome the limitations of single-model architectures, hybrid models further ad-

vance the field by combining multiple neural architectures, enabling the capture of

a broader range of user behavior and preferences. For instance, some frameworks

incorporate memory networks into RNN-based models, such as adding a key-value

memory module to a GRU network [34], to preserve and update detailed knowledge

of user interactions and uncover nuanced attribute-level interests. Attention mecha-

nisms are also commonly fused with recurrent structures [130], enabling the model to

selectively focus on the most relevant parts of an interaction sequence and to balance

both short- and long-term dependencies. Other advanced hybrid models leverage di-
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verse encoder types for specialized purposes: some infer user intentions at each step,

while others identify a variety of items that match different user needs [95, 12]. In

cross-domain scenarios, models like SGCross employ multi-view learning and hier-

archical gating to integrate personal, temporal, and collaborative information from

auxiliary domains, enhancing the quality of cross-domain recommendations. Some

recent works incorporate external knowledge and multimodal features. For example,

KPHAN [67] uses knowledge graphs and hierarchical attention to jointly model users’

dynamic and static preferences, while OCBSR [50] unifies multimodal item features

through convolutional autoencoders and models user dynamics with transformers and

GRU networks, improving recommendation performance across diverse content types

and time scales.

Within this landscape, personalized news recommendation stands out due to the

unique characteristics of news consumption: extreme freshness, rapidly shifting user

interests, high item turnover, and the need to process rich content features. Deep

content-based models [49, 2] exploit powerful encoders and attention mechanisms to

represent both news articles and user reading sequences, effectively capturing short-

term preferences but often treating user histories as flat temporal lists. To capture

more nuanced and structural dependencies, graph-based methods [36, 126] have been

proposed, modeling higher-order relationships among news and user actions. More re-

cent work explores modeling user interest diversity and latent intent: MINER [43] uses

category-aware routing for multi-vector user representation, HDNR [92] reweights in-

teractions to mitigate popularity bias, and GLoCIM [127] extracts long-term interests

via global click graphs.

Despite these advances, most methods, including both generic and news-specific—

primarily, learn statistical associations between user behaviors and content, often

missing the underlying causal mechanisms that drive user clicks. This gap limits

interpretability, robustness, and the system’s ability to adapt to content or envi-

ronment shifts. As a result, uncovering the causal structure behind user interests

12
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and observable actions has become an emerging research direction, aiming to provide

more reliable, explainable, and robust sequential recommendation systems, especially

in dynamic domains like news.

2.2 Causal Inference

Causal inference seeks to determine how specific variables, often referred to as treat-

ments, directly impact outcomes, rather than merely identifying statistical associa-

tions. For example, in medicine, we may want to know whether a new drug actually

improves patient health, not just whether drug usage and recovery tend to occur to-

gether. Similarly, when examining rising mental health issues, one might hypothesize

that increased online gaming is a contributing cause and aim to quantify its effect.

A key point in causal analysis is that causation and correlation are not the same. As

illustrated in Figure 2.1, an ice cream shop may observe that both electricity bills

and ice cream sales increase on hot days, resulting in a statistical association between

the two. However, leaving the lights on overnight will not boost sales, because the

real cause behind both increased sales and higher electricity bills is the temperature.

This example highlights the importance of identifying and accounting for confounding

factors, which can create misleading associations between variables.

In practice, causal relationships are often described using causal graphs. These graphs

represent variables (i.e., treatments, outcomes, confounders, and instrumental vari-

ables) and the causal links among them. Estimating the true effect of a treatment

requires careful consideration of confounders, which are variables that influence both

the treatment and the outcome. Unaddressed confounders can introduce bias and

lead to incorrect conclusions about causality, as seen in the ice cream example where

temperature acts as a confounding variable.

The most reliable way to eliminate confounding bias is through randomized con-

13



Chapter 2. Literature Review

Figure 2.1: An ice cream shop example [129].

trolled trials (RCTs), where treatments are randomly assigned. However, RCTs are

frequently impractical or unethical in many real-world scenarios. As an alternative, a

range of methods has been developed for observational data. Propensity score meth-

ods (PSM) [53] attempt to mimic randomization by grouping instances with similar

observed features but different treatments, while inverse probability of treatment

weighting (IPTW) [32] achieves covariate balance through reweighting. In recent

years, deep learning models have been adapted for causal inference, enabling the

estimation of causal effects in settings with high-dimensional data. For instance,

some approaches minimize both prediction error and distributional differences be-

tween treatment groups using multi-task neural networks [16, 87], or incorporate

propensity scores into topic models to balance predictive performance and causal

adjustment [66].

When confounders cannot be fully observed or controlled, instrumental variable (IV)

methods offer an alternative. An instrumental variable affects the treatment but only

influences the outcome through its effect on the treatment. The classic two-stage least

squares (2SLS) method [39] is widely used for linear settings, while modern research
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extends IV analysis to nonlinear and high-dimensional domains. For example, kernel-

based approaches [54] reformulate IV regression tasks, and deep learning models [23,

42] combine neural networks with IV or generalized method of moments (GMM)

frameworks to improve estimation accuracy.

In summary, distinguishing genuine causal relationships from mere associations is

fundamental for reliable decision-making and robust modeling. The methodological

foundations introduced here, i.e., confounder adjustment and instrumental variable

analysis, provide essential tools for uncovering causal effects in complex data, and

they form the theoretical basis for causal representation learning in sequential rec-

ommendation, which is the focus of this thesis.

2.3 Causal Representation Learning for Recommen-

dation

Recommender systems driven by large-scale data have made substantial progress in

addressing the challenge of information overload [104, 100]. However, these systems

often operate under the assumption that data points are independently and identically

distributed (IID), which can unintentionally reinforce biases present in the training

data [6, 96]. Such biases may contribute to issues like unfair treatment of users [1, 15],

the emergence of filter bubbles [20], and a reduced ability to generalize to new or out-

of-distribution (OOD) scenarios [76]. As a response, causal representation learning

has emerged as a promising direction in recommendation systems, aiming to identify

and model the genuine causal factors influencing user actions, rather than relying

exclusively on observed associations. This research area is increasingly recognized for

its potential to mitigate bias and enhance both the robustness and interpretability of

recommender models.

Research on causal modeling in recommendation is primarily grounded in two the-
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oretical frameworks: the potential outcome framework [68] and structural causal

models [57]. Within the potential outcome paradigm, widely adopted techniques

such as inverse propensity scoring (IPS) [72] and the doubly robust estimator [101]

have been applied to correct for bias in explicit feedback [139], thereby supporting

more objective recommendations. For example, Schnabel et al. [75] conceptualize

recommendations as treatments and utilize IPS within an empirical risk minimiza-

tion context to counteract bias. The LTD approach [102] leverages a small unbiased

sample to learn a propensity model, and then applies IPS-based modeling to the re-

maining data. The UFAR framework [83] incorporates IPS for fairness-aware top-N

recommendation, while IB [122] employs doubly robust methods [17, 3] to construct

uplift-based models that are both unbiased and resilient. Although IPS-based meth-

ods are straightforward to implement, they require precise estimation of propensities

and can suffer from high variance [71].

On the other hand, research based on structural causal models often investigates

the fundamental relationships among variables by constructing and analyzing causal

graphs. This methodology leverages interventions to address bias, enhance fairness,

and provide interpretability in recommendation outcomes [96]. By moving beyond

mere correlations, this approach offers a deeper insight into the mechanisms that

shape user choices. Much of the existing literature centers on mitigating confounding

bias in recommendation systems. For instance, Christakopoulou et al. identify expo-

sure rates as confounding factors that affect both a user’s likelihood of being shown

an item and their eventual satisfaction, and correct for this by modeling propensity

scores [11]. The DLCE method [74] considers user and item features as potential

confounders, reweighting training samples to obtain a more accurate estimate of the

true causal impact of recommendations. To counteract popularity bias, PDA [141]

utilizes causal intervention techniques to decouple item popularity from user represen-

tations, thereby enabling the model to capture authentic user interests. Furthermore,

some research introduces IVs, such as user query contexts from different domains, to
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help isolate the causal effects of recommendations by regressing user representations

on these external factors [78, 35]. Most of these approaches are developed for con-

ventional recommendation settings and typically rely on predefined objectives and

manually specified causal variables. There remains a significant need for more adap-

tive methods that can automatically uncover implicit causal factors, especially within

sequential recommendation contexts where user behaviors and interests evolve over

time

Another recent direction is counterfactual learning for recommendation, which aims

to generate and utilize counterfactual data to address challenges such as data sparsity.

For instance, Mehrotra et al. have developed frameworks to estimate the causal im-

pact of new content, such as newly released music tracks, by generating counterfactual

samples using quasi-experimental Bayesian models [52]. In the context of sequential

recommendation, Wang et al. [106] focuses on generating plausible counterfactual se-

quences near decision boundaries, employing data-oriented sampling strategies and

model-aware matching techniques to maximize the utility and informativeness of these

synthetic sequences. Causerec [138] construct counterfactual worlds at both the item

and concept levels, using contrastive learning between the actual and counterfactual

scenarios to augment training data and improve model generalization. Additionally,

the COR approach [98] employs a variational autoencoder to learn causal represen-

tations of user preferences. In this method, counterfactual inference is performed

by forcibly resetting specific historical interactions to zero, which helps reduce the

influence of outdated behaviors and thus achieves stronger OOD generalization and

rapid adaptation.

Overall, causal representation learning provides a promising foundation for building

recommendation systems that are not only more accurate but also more robust and

interpretable. As research in this area progresses, developing methods that can auto-

matically identify and model causal structures in complex, sequential environments

will be crucial for advancing the next generation of personalized recommendation.
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Chapter 3

Causality-driven User Modeling for

Sequential Recommendation over

Time

3.1 Introduction

Sequential recommendation systems play a crucial role in filtering and personalizing

content for users on modern digital platforms. These systems are designed to predict

future user interactions by analyzing sequences of historical behaviors, which typically

include user actions, item properties, and various contextual signals such as user

demographics, item attributes, or social information [95, 26]. The predictive power of

such systems relies heavily on accurately representing these multifaceted information

sources to infer user preferences over time.

Recent progress in this field has produced a variety of methods that leverage the statis-

tical patterns embedded in users’ interaction histories. Techniques such as attention

mechanisms [142] and RNNs [31] are widely used to capture temporal dependencies
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and model the evolution of user interests. Additionally, GNNs [124] and hybrid ar-

chitectures [128] have been introduced to extract complex co-occurrence patterns and

high-order structural relationships within sequential data.

However, despite these advances, most existing methods share a critical limitation:

they typically assume that user profiles and item exposures are independent in the

observed data. This simplifying assumption does not hold in real-world scenarios,

where user behaviors are shaped by a multitude of contextual and temporal factors.

In practice, user interactions are often influenced by confounding variables, such as

item popularity, trending topics, or exposure mechanisms, which can introduce spu-

rious correlations and obscure the true drivers of user preferences [29]. As a result,

sequential data may contain noisy or irrelevant feedback, reflecting not only genuine

interests but also external influences that distort recommendation quality.

Moreover, many state-of-the-art models employ similarity-based attention mecha-

nisms [94, 7] that focus on the pairwise relationships between items within a user’s

interaction sequence. While such mechanisms are effective at capturing local item

correlations, they can inadvertently emphasize what are known as ”shortcut paths.”

A shortcut path refers to a direct connection between two items in the interaction

graph, where the model ignores the sequential dependencies and intermediate actions

that genuinely reflect the user’s evolving interests. As illustrated in Figure 3.1, con-

sider a sequence where, from a global causal perspective, the user’s interactions are

clustered around major U.S. holidays, particularly those occurring later in the year,

such as Thanksgiving and Christmas. In this context, an appropriate recommenda-

tion would be items related to upcoming holidays, such as a New Year’s Eve party kit.

However, if the model focuses only on the last two items in the sequence, it may inter-

pret the user’s intent as a strong preference for Christmas decorations, i.e., a shortcut

view, without recognizing the broader pattern of holiday-related interests. This ten-

dency to rely on shortcut paths can obscure the underlying causal relationships and

user motivations, ultimately diminishing both the accuracy and interpretability of

19



Chapter 3. Causality-driven User Modeling for SR over Time

Pumpkin Pie Candy CanesTurkey Christmas Tree

Shortcut View 
Christmas Decoration

Causal View
Major U.S. Holidays

New Year's Eve party kit Christmas Lights

Figure 3.1: Depiction of shortcut path effects on sequential recommendation out-

comes.

the recommendations.

To address these challenges, we propose a novel approach that incorporates causal

analysis into generic sequential recommendation. Our method constructs a causal

graph to explicitly model the dependencies among user behaviors, item exposures,

and exogenous variables that may introduce bias. By leveraging this causal frame-

work, we are able to identify and disentangle the true factors that drive user interests

and item interactions over time. Specifically, we develop a causality-driven user

modeling technique that treats user interaction histories as observational data. This

approach autonomously discovers meaningful causal factors at a conceptual level, re-

ducing reliance on manually defined features and effectively mitigating the influence

of confounding variables.

Our framework further distinguishes between latent causal concepts that shape long-

term user preferences and immediate contextual factors that affect short-term in-

teractions. The identification of latent causal factors helps to filter out noise from

shortcut features and ensures that the model captures relevant information across
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the entire sequence. At the same time, preserving immediate context enables the

model to accurately characterize the causal influence of recent interactions, without

amplifying real-time confounding effects.

By integrating these causally-driven representations into the base matching model,

our approach delivers more precise predictions of user interactions and enhances the

interpretability of the recommendation process.

The principal contributions of this work are as follows:

• We implement a causal graph to frame the task of generic sequential recommen-

dation, enhancing the understanding of user behavior and improving prediction

accuracy.

• We develop a causality-driven technique for user modeling over time, which

can autonomously identify causal factors from user interaction data, mitigating

biases without relying on predefined features.

• Our learned causal concept representations can be utilized to mitigate con-

founding bias and preserve critical context, leading to more refined predictions

of user interactions.

3.2 Methodology

3.2.1 Problem Formulation

In generic sequential recommendation systems, let U = u1, u2, . . . , u|U | denote the set

of users and I = i1, i2, . . . , i|I| denote the set of items, where uj ∈ U is an individual

user and ik ∈ I is an individual item. For each user u, their interaction sequence is

represented as Su = (iu1 , i
u
2 , . . . , i

u
n), where each iut ∈ I indicates the item that user u

interacted with at time t, and the sequence is ordered chronologically. Both users and
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items are typically initialized as ID embeddings in a d-dimensional space. The central

task of sequential recommendation is to predict the next item it+1 that user u is likely

to interact with, given their historical sequence. Formally, this involves estimating the

conditional probability Yt+1 = P (iut+1 | Su) for all candidate items. The system then

recommends items to the user based on the ranking of these predicted probabilities.

3.2.2 Viewing from Causal Graph

To predict the next item a user will interact with, it is crucial to understand the

reasons behind a user’s interaction at each timestep, thereby learning accurate and

robust representations of user behavior. Existing approaches often rely on user-item

correlation matching, operating under the assumption that the co-occurrence of users

and exposed items are independent within the observational data. For instance, at a

given timestep t, conventional thinking suggests that the user’s behavior of interacting

with item iut is exclusively driven by their preferences, implying the absence of a

confounding back-door path between user u and item it. However, this assumption

often fails to hold in complex, real-world scenarios.

By framing the sequential recommendation task from a causal perspective, we can

address these discrepancies. We propose the use of a causal graph, as depicted in

Figure 3.2, for modeling user preferences. This graph helps to identify exogenous

variables that create undesired correlations between user preferences and the items

they interact with instantaneously. Specifically, the path iut ← Zi(t) → u can be

seen as conveying bias information that misguides the user to interact with item iut

at timestamp t, such as popularity bias, while iut ← Zu → u may represent a shortcut

bias that overlooks sequential dependencies and intermediate interactions. Our aim

is to discern the true causal factors, Zu and Zi, which directly influence user interests

and the real-time exposure of items.
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Figure 3.2: Causal graph of generic sequential recommendation.

3.2.3 The Base Matching Model

Our proposed method is model-agnostic in a way, and it can be integrated into multi-

ple existing matching models for sequential recommendation. Since many models for

sequential recommendation share similar architecture, we regard it as the base model

and implement our method over it. Generally speaking, a matching model includes a

user encoder fS(u, Su) ∈ Rd, which takes the user profile u and the user interaction

sequence Su = (iu1 , i
u
2 , . . . , i

u
n) as input and outputs one d-dimensional vector to repre-

sent the user interaction sequence, and an item encoder fY (i) ∈ Rd representing the

item in the same vector space as fS(u, Su). The matching score is generally calcu-

lated by maximizing the likelihood of the next interacted item given the interaction

sequence:

Lbase = −
1

|U |
∑
u∈U

logPθ(i
u
n+1|fs(u, Su)), (3.1)
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3.2.4 Causality-Driven User Modeling

Causality-Driven User Modeling

⋯⋯

Prediction

𝑌𝑛+1Matching score

Item 

encoder

𝑍𝑖 𝑛

Item 

encoder

Item 

encoder

𝒊𝑛
𝑢𝒊𝑡

𝑢𝒊1
𝑢 ⋯⋯

𝑍𝑖 𝑡𝑍𝑖 1

User Encoder 𝒊𝑛+1

𝒖

𝒊𝑡
𝑢

⋯

⋯

𝑍𝑖 𝑡

𝑍𝑢

𝑆𝑢

Over the Interaction Sequence

Across Immediate Interactions

⋯
𝒊1
𝑢

𝒊𝑛
𝑢

Causal relations Undesired paths

𝑍𝑢

Figure 3.3: Framework architecture. Left: Integration of Causality-Driven User Mod-

eling within the standard sequential recommendation matching Scheme. Right: De-

tailed implementation of Causality-Driven User Modeling.

Existing de-biasing techniques in the realm of sequential recommendation commonly

rely on precisely identified confounding factors or supplementary contexts [55, 141,

78], such as user search queries, to serve as proxy variables. These proxies are instru-

mental in uncovering the genuine causal factors that reflect user interests. In this

section, we treat users’ sequential interaction histories as observational data. Our

objective is to autonomously discern valid causal factor across both the interaction

sequence and the immediate interaction, at the conceptual level. Additionally, we

aim to mitigate the influence of potential back-door paths present at each timestep,

and we strive to achieve this without depending on explicitly predefined biases. Our

causality-driven user modeling method can be depicted as Figure 3.3.

Initially, we leverage Graph Attention Networks (GATs) [79] to encode user and item
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interaction representations, aiming to extract sophisticated features from all observed

interaction sequences:

EG = freadout(Attn(WI,A)), (3.2)

where W is a trainable weight matrix and A denotes the adjacency matrix that encap-

sulates the structure of interaction sequences. Attn(.) signifies a multi-head attention

mechanism [88] which serves to assess the significance of neighboring behaviors and

enhance the representation of item interactions at each timestep. And freadout refers

to a readout function that propagates item-level features iut to generate a graph-level

representation EG, and the representation u for encapsulating user preference can be

obtained by inputting the corresponding interaction sequence from the graph.

Causal Concept Representation over the Interaction Sequence

To effectively represent the latent variables Zu that causally impact user interests at

a conceptual level, our primary approach is to identify aspects of the historical inter-

action sequence that meet two criteria: first, they must be strongly associated with

the user representation u; second, they should affect the real-time item interaction

iut only via the user, not directly.

Assuming there are K latent conceptual prototypes Zu ∈ RK×d, we first address

the relevance of these prototypes to user interests. Inspired by the causal inference

literature [133], we seek to isolate those aspects of the sequence Su that are correlated

with the user representation u, so that they can be captured in the prototype matrix

Zu. To this end, we employ a variational distribution qθZu
(u|Zu) to approximate

the conditional distribution of u given Zu, using a two-layer multi-layer perceptron

(MLP) for implementation. The objective is to maximize the likelihood of correctly

reconstructing the user representation from the causal concepts, which is formulated

as:

Lr
Zu

= − 1

|U |
∑
u∈U

log qθZu
(u|WruZu), (3.3)
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where Wru denotes a linear transformation of the causal concepts Zu. Subsequently,

to reinforce the connection between the conceptual prototypes and user interests, we

maximize the mutual information between u and Zu. This is achieved by encouraging

the model to distinguish the true user representation from randomly selected negative

samples:

Lr′

Zu
= − 1

|U |
∑
u∈U

1

L

L∑
j=1

(log qθZu
(u|WruZu)− log qθZu

(u′|WruZu)), (3.4)

where u denotes the positive sample, whereas u′
j signifies a negative sample that

has been randomly selected, and L is the number of negative samples selected. By

maximizing the gap in log-likelihood between positive and negative samples, we ensure

the learned causal concepts are truly relevant to user interests, thereby enabling a

more precise depiction of user preferences for items.

As discussed earlier, a user’s historical sequence of interactions over time can create

shortcut paths. For example, a user might directly jump from an initial item iu1 to a

distant item iut , bypassing intermediate items. If the model relies solely on similarity-

based statistical correlations, it may overstate the direct connection between two

items and discard sequential dependencies. This shortcut perspective could prevent

the model from capturing a true representation of user preference through the paths

u ← Zu → iu1 and u ← Zu → iut , making the reason behind a user’s item choice

more obscure. Therefore, it is crucial to block the back-door path u← Zu → iut over

time to mitigate the influence of these shortcut views. This can be accomplished by

excluding the concepts Zu associated with the interaction at a specific timestamp,

thereby extracting valid insights that accurately reflect real user preferences based

on sequential dependencies, rather than an immediate interaction’s shortcut view.

To satisfy the exclusion condition, we can apply methods similar to those used for

maintaining the relevance condition. Initially, the variational distribution qϕZu
(iut |Zu)

is used to approximate the conditional distribution of each iut over time given Zu. The
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corresponding loss function for negative maximum log-likelihood estimation is:

Le
Zu

= − 1

|U |
∑
u∈U

n∑
t=1

log qϕZu
(iut |WeuZu), (3.5)

where Weu denotes the trainable weights. Then, to ensure that the causal concept

representations Zu from the user’s perspective are not influenced by the shortcut

views of items at one or two time steps, it is imperative to minimize the mutual

information between iut and Zu. This can be optimized by minimizing the difference

in mutual information between the positive sample (u, iut ) and the negative sample

(u′, i′ut ):

Le′

Zu
=

1

|U |
∑
u∈U

L∑
j=1

n∑
t=1

(sim(u,u′)×

(log qϕZu
(iut |WeuZu)−

log qϕZu
(i′ut |WeuZu))).

(3.6)

Unlike that in keeping relevance condition, the causal concept representations cannot

be absolutely irrelevant with the immediate interaction, for the reason that they are

actually indirectly causally connected through the path Zu → u → iut . The exclu-

sion requirement should be fulfilled only when conditioning on the user preference.

Therefore, sim(u, u′) is employed to describe the similarity between the positive and

negative ones, i.e., u and u′. When they are similar to each other, the weight of the

discrepancy about log-likelihood between the positive and negative samples should

be large. Otherwise, the weight should be small. In other words, users with similar

interaction sequences should place greater emphasis on minimizing the mutual infor-

mation. To obtain a normalized similarity-aware weighting among multiple negative

samples, we use a softmax over the negative Euclidean distances:

sim(u,u′) = softmax(e−∥u−u′∥), (3.7)

which ensures that more similar closer samples receive higher weights, which helps

emphasize their influence on the mutual information loss. While the softmax function
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is not a similarity metric, it is used here to convert similarity scores into a probability

distribution over samples for weighting purposes.

Through this design, the model is encouraged to focus on sequential dependencies that

genuinely reflect user interests, while reducing the impact of shortcut connections that

may arise from coincidental or spurious correlations.

Causal Concept Representation across Immediate Interactions

While mitigating the impact of shortcut features within the causal concepts through-

out the interaction sequence is crucial for reducing bias, it’s important to recognize

that these features are still valuable. They encompass contextual information that

has a direct causal effect on item interactions at each timestep, which is vital for

enhancing the performance of recommendations. For this reason, beyond modeling

causal concepts at the global sequence level, it is important to identify the causal con-

cepts Zi associated with each immediate interaction as well. Since the causal concepts

underlying each item interaction can change dynamically over time, we introduce a

set of K concept prototype embeddings, denoted as Zi(t) ∈ RK×d, to represent the

causal concepts relevant to each specific timestep.

In a manner analogous to the method employed for learning Zu, we utilize the vari-

ational distribution qϕZi
(iut |Zi(t)) to uncover the latent information that causally in-

fluences the immediate item interactions, which can be achieved by minimizing the

negative log-likelihood function:

Lr
Zi

= − 1

|U |
∑
u∈U

1

n

n∑
t=1

log qθZi
(iut |WriZi(t)), (3.8)

where Wri is a trainable weight matrix. To further enhance the learning of causal

relevance, we ensure that the log-likelihood for the observed (positive) item iut is

separated from that of a randomly sampled negative item i′t. This is achieved by
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minimizing:

Lr′

Zi
= − 1

|U |
∑
u∈U

1

n

n∑
t=1

(log qθZi
(iut |WriZi(t))− log qθZi

(i′t|WriZi(t))), (3.9)

Through this optimization, the immediate causal concept representation Zi(t) is en-

couraged to preserve critical shortcut features that are genuinely relevant to the user’s

current decision.

However, we must also guard against potential confounding introduced by back-door

paths such as iut ← Zi(t) → u in the causal graph. Such bias might mislead users

into clicking on items that do not align with their genuine interests. For instance,

the popularity of an item might increase its likelihood of being exposed to users,

prompting clicks on the item due to its popularity rather than its relevance to the

users’ preferences. To address this, it is necessary to remove any spurious correlation

between the immediate causal concept Zi(t) and the user embedding u, so that Zi

serves as a valid instrumental variable. To be specific, the relevance between u and

Zi(t) can also be captured with the variational approximation via estimating the

maximum likelihood of the distribution:

Le
Zi

= − 1

|U |
∑
u∈U

1

n

n∑
t=1

log qθZi
(u|WeiZi(t)), (3.10)

where Wei represents a linear transformation. To prevent the immediate causal con-

cepts Zi(t) from capturing spurious associations, we regularize them so that they

are only related to the user representation u in contexts where such a correlation is

justified by the actual item interaction iut :

Le′

Zi
=

1

|U |
∑
u∈U

n∑
t=1

(
sim(iut , i

′u
t )×(

log qθZi
(u|WeiZi(t))−

log qθZi
(u′|WeiZi(t))

))
,

(3.11)

where i′ut and u′ denote the representations of randomly sampled negative items and

users, respectively, and sim(iut , i
′u
t ) is computed using the softmax function as in

Equation 3.7.
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At this stage, we have identified the latent causal concepts Zu and Zi that correspond

to the overall interaction sequence and to the real-time item interactions, respectively.

Representations derived from these causal concepts provide a more faithful account

of user preferences, where biases arising from shortcut paths and item popularity

are effectively controlled. This causality-driven modeling approach is instrumental in

achieving more accurate and reliable recommendations.

3.2.5 Model Optimization

The latent causal concept representations Zu and Zi are integrated into the base

matching model to forecast the user’s subsequent interactions. These predictions take

the form fS(Zu, [Zi(1), . . . , Zi(t)]) for the sequence. The comprehensive optimization

objective that we strive to minimize is expressed as follows:

Loverall = Lbase + α(Lr
Zu

+ Lr′

Zu
+ Le

Zu
+ Le′

Zu
) + β(Lr

Zi
+ Lr′

Zi
+ Le

Zi
+ Le′

Zi
), (3.12)

where the hyperparameters α and β serve to adjust the relative importance of the

variational approximation losses and the mutual information constraint losses. These

hyperparameters are selected and tuned based on performance on the validation set.

The primary objective of the optimization remains the loss function of the base model,

as the fundamental goal is to accurately predict the user’s next item of interest by

leveraging both their profile and their interaction history. This modeling framework

is designed to be flexible, allowing for integration with most existing mainstream

sequential recommendation models that share a similar structural foundation.
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3.3 Experiment

3.3.1 Datasets and Experimental Settings

To evaluate the effectiveness of our proposed method for sequential recommendation,

we conducted experiments on three publicly available datasets: Diginetica1, Movie-

Lens2, and Book-Crossing3. The key statistics of these datasets are summarized in

Table 3.1.

• Diginetica. This dataset is derived from an e-commerce platform and contains

user purchase records.

• MovieLens. A widely-used benchmark for movie recommendation, featuring

user movie rating and viewing histories.

• Book-Crossing. A classic dataset that includes book ratings contributed by

members of the Book-Crossing community.

Table 3.1: Statistics of the datasets.

Dataset # Users # Items # interactions Domain

Diginetica 33,364 43,589 223,562 E-commerce

MvoieLens 6,040 3,629 836,478 Movies

Book-Crossing 22,817 319,199 1,028,948 Books

In our experiments, items within each user’s interaction sequence are ordered chrono-

logically. To increase the number of training instances per user, we generate mul-

tiple sub-sequences from each interaction history. For example, given a sequence
1https://competitions.codalab.org/competitions/11161
2https://grouplens.org/datasets/movielens/
3http://www2.informatik.uni-freiburg.de/ cziegler/BX/
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i1 → i2 → i3 → i4, we create three training instances: i1, i1 → i2, and i1 → i2 → i3,

where the label for each instance is the item the user interacted with next.

Following established protocols [121, 147], we reserve each user’s last interaction for

testing, the penultimate interaction for validation, and use the remaining interactions

for training. Model performance is evaluated based on NDCG and F1 metrics, using

the top 5 recommended items compared to the actual user interactions.

For hyperparameter tuning, we conduct a grid search on the validation set. The loss

weighting coefficients α and β are set to 0.1 and 0.15, respectively. In particular, we

search over α ∈ {0.05, 0.1, 0.15, 0.2, 0.25, 0.3} and β ∈ {0.05, 0.1, 0.15, 0.2, 0.25.0.3},

and observe that these values yield a good balance between the base prediction loss

and the causal regularization terms. The number of latent concepts K is set to 12,

and the number of negative samples L for learning Zu is set to 8. Parameters for

baseline models are adopted from previously reported optimal settings.

3.3.2 Baselines

Our proposed framework is designed to enhance existing models for sequential recom-

mendation that have a base structure analogous to the one described in Section 3.2.3.

To demonstrate the efficacy of our method, we have implemented and integrated it

with four established baseline models:

• STAMP [46]. A model leverages an attention mechanism to emphasize short-

term user preferences while also capturing their long-term interests.

• SASRec [121]. A model based on self-attention mechanisms that captures the

relationships between items in the entire sequence.

• SRGNN [38]. A GNN-based model that represents each sequence as a graph

to effectively model the complex transitions between items.
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• GES-SASRec [147]. A framework that applies graph convolutions in the

context of embedding smoothing for sequential recommendation, leveraging se-

mantic item relationships derived from inherent item attributes.

3.3.3 Main Results

Our experimental evaluation involves four baseline models applied to three represen-

tative datasets. The detailed results are summarized in Table 3.2. For each baseline,

we also report the performance of its causality-driven variant, denoted as CD-STAMP,

CD-SASRec, CD-SRGNN, and CD-GES-SASRec, where the prefix CD-” stands for

Causality-Driven”.

A close examination of the results reveals several notable trends:

1. Consistent Improvements Across All Baselines and Datasets. Across

Diginetica, MovieLens, and Book-Crossing, every causality-driven (CD-) model out-

performs its original counterpart in both NDCG@5 and F1@5 metrics. For exam-

ple, on Diginetica, CD-STAMP achieves an NDCG of 15.89 compared to 14.67 for

STAMP, and an F1 of 7.82 versus 7.01. Similar improvements are observed with

the other models and datasets. These gains demonstrate the effectiveness of incor-

porating causal concept representations into sequential recommendation frameworks,

leading to more accurate modeling of user intent.

2. Robust Generalization Across Domains. The three datasets span differ-

ent application scenarios: e-commerce (Diginetica), movies (MovieLens), and books

(Book-Crossing). The observed improvements with causality-driven models on all

datasets indicate that our approach is not limited to a specific domain, but rather

provides robust generalization ability for sequential recommendation tasks in diverse

contexts.

3. Magnitude of Improvement Varies by Baseline. While all causality-driven
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variants show improvements, the degree of performance gain varies. Notably, CD-

GES-SASRec achieves relatively modest improvements compared to its baseline, es-

pecially on MovieLens and Book-Crossing. This can be attributed to the unique

property of GES-SASRec, which relies on additional item attribute information. Our

current framework does not explicitly disentangle causal concepts associated with

these item attributes, which may include noisy or confounding factors. As a result,

the full potential of causality-driven modeling is not realized in this setting. Extend-

ing our method to better handle attribute-based causal reasoning could be an avenue

for future work.

3. Strongest Gains in Challenging Domains. On the Book-Crossing dataset,

which features a much larger item space and more sparse interactions, the relative

improvements of the causality-driven models are particularly marked. For instance,

CD-STAMP increases NDCG from 1.65 to 2.60 and F1 from 0.78 to 1.06, represent-

ing substantial relative gains. This suggests that the benefits of causal representation

learning are especially pronounced in challenging or sparse recommendation environ-

ments.

In summary, our causality-driven framework consistently enhances sequential rec-

ommendation models, yielding improvements in both ranking quality (NDCG) and

recommendation accuracy (F1). Although there remains room for further refinement,

particularly in handling complex item attribute signals, our results demonstrate the

broad applicability and strong potential of causality-driven representations in generic

sequential recommendation.

3.3.4 Confounding Bias Alleviation

To further evaluate whether our method can reduce confounding bias, we focus on the

impact of item popularity in sequential recommendation. In many real-world systems,

popular items are more likely to be exposed and thus more frequently interacted

34



3.3. Experiment

Table 3.2: Comparative main results between the baseline models and our causality-

driven methods.

Datasets Diginetica MovieLens Books-Crossing

metric (@5) NDCG F1 NDCG F1 NDCG F1

STAMP 14.67 7.01 9.07 4.50 1.65 0.78

CD-STAMP 15.89 7.82 9.33 4.82 2.60 1.06

SASRec 16.29 8.03 8.57 4.50 1.69 0.80

CD-SASRec 16.96 8.62 8.80 4.62 1.92 1.12

SRGNN 16.55 8.23 8.75 4.72 1.74 0.91

CD-SRGNN 16.98 8.71 8.99 4.83 1.96 1.15

GES-SASRec 17.14 8.66 9.02 4.79 1.92 1.02

CD-GES-SASRec 17.35 8.94 9.13 4.86 2.03 1.12

with, sometimes regardless of a user’s genuine preferences. To quantify this effect,

we calculate the interaction frequency of each item in the Diginetica dataset and

split both the training and evaluation sets into two groups: the top 20% of items are

labeled as popular, and the remaining 80% as unpopular.

Figures 3.4 and 3.5 display the results for NDCG@5 and F1@5 on both item groups.

Here, we compare the original baseline models with their causality-driven counter-

parts, where our approach introduces causal concepts to better capture the underlying

reasons for user choices. GES-SASRec is not included in this analysis since it relies

on additional item attributes.

From the results, several clear patterns emerge. First, all baseline models show a

significant drop in performance when moving from popular to unpopular items. For
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Figure 3.4: Results highlighting popularity bias (NDCG@5).

example, in the STAMP model, both NDCG@5 and F1@5 are notably higher for

popular items than for unpopular ones. This indicates that the baselines are influ-

enced by an implicit popularity bias, tending to recommend items that have already

received considerable attention.

After integrating our causality-driven approach, the performance gap between popu-

lar and unpopular items is substantially reduced. For instance, CD-SASRec achieves

a much smaller difference in NDCG@5 and F1@5 between the two groups compared

to SASRec. Similar trends are observed in CD-STAMP and CD-SRGNN. This im-

provement demonstrates that the introduction of causal concepts helps the model

focus more on the true drivers of user behavior, rather than simply relying on item

popularity.

Another important observation is that our causality-driven models show especially

strong improvements for unpopular items. The scores for these items increase notably,
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Figure 3.5: Results highlighting popularity bias (F1@5).

making the recommendation results more balanced and fair. This suggests that by

modeling the latent causal relationships within user interaction sequences, the system

can uncover more authentic user interests, which benefits less popular items that

might otherwise be overlooked.

The experimental results and visualizations show that our approach can not only

improve overall recommendation accuracy but also effectively mitigate popularity

bias by introducing causal concepts. This allows the model to provide fairer and more

accurate recommendations that are better aligned with users’ actual preferences.

3.4 Summary

In this work, we propose a causality-driven user modeling approach for generic sequen-

tial recommendation, which significantly enhances prediction accuracy and mitigates
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bias. Unlike conventional methods that rely primarily on statistical correlations, our

approach redefines the recommendation process through the use of a causal graph.

By interpreting user interaction histories as observational data, we are able to inde-

pendently identify latent causal factors that reflect user preferences at a conceptual

level, avoiding the need for manually predefined features. Furthermore, our method

leverages these latent causal factors to block back-door paths that can introduce spu-

rious associations, thereby preserving the most relevant information throughout the

user’s interaction sequence. We also extend this framework to capture causal concepts

at the level of immediate item interactions, which helps address confounding biases

that arise in real time. By integrating these causal concept representations into user

preference modeling, our approach improves the performance of various mainstream

matching models and leads to more accurate predictions of user behavior.

It is important to note, however, that our current approach still depends on a pre-

defined, static causal graph to guide the identification of causal relationships. In

practical scenarios where user interests and item content evolve rapidly, such as in

news recommendation, relying on a fixed causal structure can limit adaptability and

responsiveness to change. In these dynamic environments, the ability to automat-

ically learn and update the underlying personalized causal graph directly from the

observed interaction data becomes highly desirable. Motivated by these limitations,

the next section will introduce a new method that enables the automatic discovery

and adaptation of latent personalized causal structures, aiming to further improve

recommendation effectiveness in rapidly changing contexts.

38



Chapter 4

Causal Behavior Pattern Inference

for News Recommendation

through Multi-interest Matching

4.1 Introduction

With the rapid growth of online news platforms such as MSN News1 and Google

News2, users now have access to an overwhelming volume of information at any mo-

ment. While this brings great convenience, it also poses the challenge of information

overload, making it difficult for users to efficiently discover news that truly matches

their interests. As a result, personalized news recommendation systems have become

indispensable for tailoring content to individual preferences [61, 45, 56, 19].

In our first work, we leveraged a predefined causal graph to disentangle and utilize la-

tent causal concepts in user behavior sequences. However, in highly dynamic domains

like news recommendation, where both user interests and item content can change

1https://microsoftnews.msn.com/
2https://news.google.com/
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rapidly, such static causal graphs often struggle to capture the evolving nature of

interactions. This restricts the model’s adaptability and responsiveness, making it

difficult to provide truly personalized and timely recommendations. As discussed

above, extending from generic sequential user modeling to the news recommenda-

tion scenario requires a more flexible and adaptive framework. Specifically, there is

a pressing need for methods that can automatically discover and update the under-

lying personalized causal graph directly from observed user interaction data, rather

than relying on predefined structures. This dynamic capability is especially crucial

in news scenarios, where trends, topics, and user preferences can shift dramatically

within short periods.

Most existing news recommendation methods still treat the problem as a generic se-

quential modeling task, constructing unified user representations based on static fea-

tures from prior interactions. Approaches utilizing GRUs [2], GNNs [90], attention

mechanisms, and BERT [113, 112, 116] primarily emphasize recent browsing behav-

iors, often resulting in recommendations that closely follow a user’s latest actions.

While some works have attempted to address preference diversity by inferring multi-

ple interest vectors using explicit signals such as news categories [43], keywords [91],

or popularity [92], they still mainly learn statistical correlations from content, ne-

glecting the causal relations that truly drive user engagement. This may result in

amplified selection bias and recommendations with limited diversity, as genuine un-

derlying behavior patterns are overlooked. For example, after reading serious news

about politics, it is very likely for a user to read some joyful news to relax whose

content is completely different from the recent browsed news. Regardless of such

causal patterns in news recommendation, when the recent interacted news is domi-

nated by a specific kind of category, it would amplify the selection bias and ultimately

recommend news all with highly coincident contents intensively.

In real-world news consumption scenarios, user browsing behaviors often exhibit

causal patterns that offer meaningful explanations for recommending specific news
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Music The Rolling Stones release new song with Lady Gaga.

Politics Wilton Simpson, the "Donald Trump of egg farmers", set to 

take control of Florida Senate.

Movie Florida ’s favorite Halloween movie is what?

Health Lady Gaga has fibromyalgia. What is it?

Movie A lot has changed since Hocus Pocus (aka The Ultimate 

Halloween movie) was released in 1993, especially the actors.

Category News content

𝑛𝑒𝑤𝑠1

𝑛𝑒𝑤𝑠2
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⋯
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Causal relationsPotential interests Interest matching

Causal graph

Timeline

Figure 4.1: An illustrative example of how understanding causality among potential

interests enhances user behavior pattern analysis

articles. From a causal perspective, these patterns can be inferred by uncovering

the intrinsic causal relationships among key latent interests that drive user behav-

iors. As depicted in Figure 4.1, a user’s engagement with newsj may be a result of

a previous encounter with news1, driven by an interest in ”Lady Gaga”, despite the

dissimilarity in content and the significant time gap. This fan status implies a higher

probability for the user to access newsj connected to ”Lady Gaga”, even they are

not interested in movies or health. Similarly, the behavior of browsing newsj−1 can

be inferred from news2 due to the user residing in Florida. The user’s location in

Florida sparks an interest in movies or political events. Without the premise of living

in Florida, movies or politics may not be significant factors for inferring the user

preferences. Therefore, the user would not browse a news article like newsc, despite

its content being similar to news1 and newsj−1, as it is unrelated to ”Lady Gaga”

or Florida. Existing methods based on statistical associations among news contents

would mistakenly emphasize the importance of movie or actor-related news, leading

to erroneous recommendations such as newsc.
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To tackle the above challenges, we propose a causal behavior pattern inference frame-

work named CBPI for news recommendation through multi-interest matching. To

be specific, we first disentangle the sequence of historical browsed news into multiple

interest concepts. Motivated by the recent research in causal discovery [145, 41], we

integrate an encoder-decoder framework to jointly learn the causal pattern among

those concepts, and model the temporal interest transition process. For the encoder,

we aim to infer a directed acyclic graph (DAG) with the whole time-series concepts as

nodes to reveal their causal relations, which are insensitive across time. In contrast,

the decoder is designed to model the dynamics from current concepts to predict the

next time-index concepts by aggregating the information from other causally associ-

ated ones. Moreover, based on the consideration that causal patterns at the interest

level generally align with those at the behavior level, by mapping the interest-level

causalities to generate a news-level causal graph, whose edges represent inherent logic

between two pieces of news. With the news-level causal graph, when learning the user

representation, we can filter the effect of causally irrelevant news at each time index

and thus each piece of news is only relative to its causal parent nodes. Therefore,

spurious correlations will be alleviated and the diverse user interests and preferences

can be captured more accurately and robustly.

The principal contributions of this work are as follows:

• We propose a novel framework for modeling behavior patterns from a causal

perspective in the news recommendation context. To our knowledge, it is the

first work to explore causal discovery in multi-interest matching within this

domain.

• We develop an encoder-decoder structure to jointly learn time-invariant causal

relationships among latent interests and their dynamic transitions. The learned

causality at the interest level is further mapped to the news-level, uncovering

intrinsic causal patterns of historical user behaviors.
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• By overcoming the limitations of fixed, predefined causal structures, our method

enables the automatic discovery and adaptation of latent personalized causal

graphs from the observed user behaviors, making it especially suitable for dy-

namic and fast-evolving domains as news recommendation.

4.2 Background

Differentiable causal discovery has recently emerged as a powerful approach for un-

covering the underlying generative mechanisms of observed data. By parameterizing

the adjacency matrix of a latent DAG and imposing acyclicity constraints, these

methods formulate causal discovery as a differentiable optimization problem that can

be efficiently solved via gradient-based training [145, 131, 48, 82]. Recent advances

have also explored the integration of causal discovery with supervised learning tasks,

demonstrating that identifying and leveraging key causal variables can enhance model

robustness, especially under distributional shifts [59, 41].

Within the recommender systems domain, several works have introduced causal dis-

covery techniques to improve user modeling. For example, CausPref [29] employs a

DAG-based regularizer to stabilize user preference learning across varying environ-

ments, while CAUSER [105] extends these ideas to uncover item-level causal depen-

dencies in sequential recommendation scenarios. CGSR [120] further constructs dual

cause-effect graphs to reduce spurious correlations, though its focus remains largely

on mitigating confounding at the item level.

Despite these advances, existing methods predominantly operate on item IDs or hand-

crafted features, which limits their applicability in highly dynamic domains such as

news recommendation. In these settings, news content evolves rapidly and user in-

tent is often highly contextual. For instance, TCCM [10] seeks to mitigate popularity

bias in news recommendation, but relies on a fixed, pre-defined causal graph rather
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than learning causal structures directly from user behavior data. Consequently, while

these methods have made important progress, they are largely restricted to static,

ID-based environments and struggle to adapt to the challenges posed by dynamically

updated news content and shifting user interests.

To address these limitations, we propose to advance causal discovery in the news

recommendation setting by modeling the causal relationships among intrinsic user

interests, rather than relying solely on item-level or ID-based correlations. This ap-

proach enables us to capture deeper behavioral patterns and adapt more effectively

to the rapidly changing landscape of news content and user preferences.

4.3 Preliminaries

4.3.1 News Recommendation

In personalized news recommendation, each user u is represented by a time-ordered

sequence of previously clicked news articles, denoted as Du = [D1, D2, . . . , DN ]. The

objective is to predict the probability that the user will browse a candidate news

article Dc in a future impression. A typical matching-based news recommendation

framework comprises a news encoder Fn and a user encoder Fu. The news encoder

Fn encodes the content of each historical news article, generating a sequence of news

representations Eu = [e1, e2, . . . , eN ] corresponding to Du, as well as an embedding

ec for the candidate news Dc. The user encoder Fu then aggregates the sequence Eu

into a single user representation u = Fu(Eu), which resides in the same vector space

as ec and captures the user’s current preferences. To compute the matching score y

between the user and the candidate news, we adopt the dot product between their

embeddings, i.e., yu = e⊤
c ·u, following common practice in prior work [113, 116, 43].
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4.3.2 Causal Discovery

Understanding the underlying causal relationships among variables is fundamental

for robust modeling and reasoning in many real-world applications. In the context of

sequential user behavior modeling, causal discovery aims to uncover the true gener-

ative mechanisms that drive observed data, rather than relying solely on statistical

associations.

At the core of causal discovery lies the concept of a Structural Causal Model (SCM),

which provides a formal framework for representing and reasoning about causal rela-

tionships in a system. An SCM is typically represented by a Directed Acyclic Graph

(DAG), where nodes correspond to variables and edges denote direct causal effects.

Definition 1 (Structural Causal Model (SCM)). A Structural Causal Model (SCM)

is defined over a set of random variables X = X1, X2, . . . , XD and consists of a

directed causal graph G = (X , E) along with a set of structural equations. Each edge

(i, j) ∈ E represents a direct causal relationship from Xi to Xj. For each variable Xj,

the corresponding observed data is denoted as xj. The probability measure P satisfies

the Markov property with respect to G, allowing the joint distribution to be factorized

as P (X) =
∏D

j=1 P (xj | xpa(j)), where pa(j) denotes the set of parent variables of Xj

in G. We further assume that P follows an Additive Noise Model (ANM) [60], i.e.,

xj = fj(xpa(j)) + ϵj, (4.1)

where fj(·) is a (possibly nonlinear) function representing the data-generating mech-

anism for Vj, and ϵj is an independent noise term.

Definition 2 (Directed Acyclic Graph (DAG)). A Directed Acyclic Graph (DAG) is

a graph consisting of nodes representing variables and directed edges between them.

Each edge Xi → Xj signifies a direct causal effect from Xi to Xj. A path between Xi

and Xj is a sequence of directed edges where the end node of each edge is the start

node of the next. The graph is acyclic if there is no sequence of directed edges that

starts and ends at the same node, i.e., no variable can be its own ancestor.
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Recently, differentiable causal discovery methods have gained popularity for learning

such causal graphs directly from observational data [5, 48]. Given an input dataset

X ∈ RN×D, where each sample xi = [x1
i , . . . , x

D
i ] records observations of random

variables X1, . . . , XD, the goal is to infer a causal graph that captures the underlying

relationships among the variables. In causal discovery, the causal graph is typically

modeled as a DAG, encoded by an adjacency matrix A ∈ RD×D, where Ai,j > 0

implies a directed causal influence from X i to Xj, and Ai,j = 0 implies no causal

influence.

A common approach [145, 131, 41] formulates causal discovery as minimizing the

following objective:

minLdag = Lrec(A,X) + λ1Lacyc(A) + λ2Lspa(A), (4.2)

where Lrec measures the reconstruction error of the observed data X, Lacyc imposes

acyclicity to ensure a valid DAG structure, and Lspa encourages sparsity in the adja-

cency matrix A. The reconstruction loss is commonly defined as:

Lrec(A,X) =
N∑
i=1

D∑
j=1

(xj
i − x⊤

i A.j)
2, (4.3)

where A.j denotes the j-th column of A. This formulation encourages each variable

to be linearly reconstructed from its causal parents, while variables with no causal

influence are effectively pruned by zero entries in A.

To guarantee that A encodes a directed acyclic structure, the acyclicity constraint

is typically formulated as Lacyc = trace(eA⊙A) − D, where ⊙ denotes the element-

wise product. This constraint leverages the property that, according to the Taylor

expansion, the trace operation sums over all possible cycles in the graph. Thus,

enforcing Lacyc = 0 rules out cycles of any length, ensuring that no variable can be

both a cause and an effect in a directed path. Meanwhile, sparsity is encouraged via

an ℓ1-norm regularization term Lspa(A), promoting an interpretable and parsimonious

graph structure.
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Prior research [41, 59] has shown that optimizing the objectives in Equation 4.2

can reveal the causal structure embedded in the data and support the learning of

representations that invariant across different environments. Building on this insight,

similar ideas can be incorporated into news recommendation to discover personalized

causal structures within users’ historical behaviors, thereby enabling more robust and

invariant modeling of user interests.

4.4 Methodology

In this section, we provide a comprehensive overview of our proposed CBPI frame-

work, as illustrated in Figure 4.2. The framework is designed to be flexible and

compatible with various types of news and user encoders, making it adaptable to

different real-world scenarios.

CBPI consists of three core modules: (1) Interest Activation, which disentangles the

historical behavior sequence into multiple latent time-series interests; (2) Interest-

level Causality, which leverages an encoder to construct a DAG to uncover the causal

relations among interests, and a decoder to model the structural transition informa-

tion of interests along with time; (3) News-level Causality, which aims to generate

the causal graph at the behavior level and reconstruct the news representations to be

aware of causal behavior patterns. Finally, the causality-aware news representations

are integrated within the user encoder to enhance prediction accuracy. This design

ensures that the recommendation process is guided not only by observed behavioral

data but also by the underlying causal mechanisms that drive user behavior.

4.4.1 Interest Activation

Users typically exhibit a wide range of interests and interact with news content that

aligns with these varied preferences over time. Such interests are often too complex
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Figure 4.2: The CBPI framework architecture. Left: Integration of CBPI within the

Standard matching Scheme. Right: Detailed CBPI module implementation.

to be captured by explicit features like news categories. Instead, it is necessary to

infer high-level, latent interest concepts from users’ behavioral histories. Given K

latent concepts and a sequence of browsed news embeddings Eu produced by a news

encoder, our objective is to disentangle each news item into these latent concepts and

reveal the underlying interests activated by each interaction.

For each timestep t, we compute the concept assignment distribution st = [st,1, st,2, . . . , st,K ]

by minimizing the interest activation loss LIA:

min
∑
et

∥et −
K∑
k=1

st,kck∥22, s.t.
K∑
k=1

st,k = 1, st,k ≥ 0, (4.4)

where ck denotes the prototype center of the k-th latent concept. By optimizing

this objective, we simultaneously refine each news item’s semantic representation et

and determine its concept assignment vector st, thereby aligning semantic embed-

dings with the underlying interest space. Importantly, at each timestep, only the

relevant concepts are activated, while others are zeroed out to prevent interference

from unrelated concepts.
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4.4.2 Interest-level Causality

User interests are inherently complex and interrelated, which makes it insufficient

to represent them using isolated concept embeddings. There often exist intrinsic

causal relationships among different interest concepts, where the emergence of one

may trigger another. Motivated by advances in causal discovery [41, 48], our goal

is to capture these causal dependencies by constructing a user interest graph based

on browsing history Eu. To this end, we define an adjacency matrix AI ∈ RK×K

to represent the causal links among interest concepts within a directed acyclic graph

(DAG). In this matrix, AI
kk′ > 0 indicates that the k-th concept exerts a causal effect

on the k′-th concept, while a zero entry denotes no causal relationship.

Traditional causal discovery approaches typically treat user interests as static when

generating AI , representing only immediate concepts as nodes and using a decoder

to reconstruct the original embeddings. However, such methods are limited in the

context of news recommendation, as they focus too narrowly on immediate causal

relations and lack adaptability to dynamic user interests. Since causal patterns should

not be overly sensitive to temporal fluctuations, we propose an encoder qE(A
I
kk′ |Zu)

that operates over the entire time series of interests, Zu = [s1, . . . , sN ]
⊤. Here, each

k-th element corresponds to a node in AI and represents the k-th time-series concept,

denoted as zk = [zk,1, . . . , zk,N ]:

qE(A
I
kk′ |Zu) = softmax(FE(Zu)kk′ + g), (4.5)

where g is the Gumbel distributed noise [77] used to relax the distribution during

training. The graph edges represent causal relations among concepts. The encod-

ing function FE(Zu) can be implemented with any graph-based network. Here, we

implement two stages of edge aggregation across the causal graph:

e
(1)
kk′ = f

(1)
edge(WEzk∥WEzk′), e

(2)
kk′ = f

(2)
edge(hk∥hk′), (4.6)
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hk = fnode(
K∑
i ̸=k

eik), hk′ = fnode(
K∑

i ̸=k′

eik′), (4.7)

where message passing functions f
(1)
edge, fnode, f

(2)
edge are implemented with MLPs, and

e
(2)
kk′ is the result of FE(Zu)kk′ . This allows us to predict the time-insensitive causal

pattern of user interests by learning AI over time-series concepts.

Unlike the encoder, the decoder cannot treat the concepts as static features, as it

may overlook the temporal evolution characteristic of news recommendation. At

time t, the behavior et only relates to limited concepts, and the activated concepts

vary over time. To dynamically model this evolving process, we develop the decoder

pD(zk,t+1|AI
kk′ , zk,t) through a single stage of aggregation:

ϕt
kk′ = fedge(WDzk,t∥WDzk′,t), µk,t+1 = fnode(

K∑
i ̸=k

ϕt
ik∥WDzk,t) + zk,t, (4.8)

pD(zk,t+1|zt, A
I) = N (µk,t+1, σ

2I), (4.9)

where aggregation functions fedge and fnode use MLP decoding similar to the encoder.

I is the identity matrix. The decoder pD(zk,t+1|zt, A
I) captures evolving user inter-

ests by transforming the current time-series interest embedding zt,k into subsequent

zt+1,k, incorporating information from causally related concepts. To parameterize this

generative process, we adopt an isotropic Gaussian distribution, as specified in Equa-

tion 4.9. Compared to the standard normal distribution, this choice offers greater

generality and flexibility, allowing the model to learn arbitrary mean vectors and a

shared variance across dimensions while maintaining a spherical covariance structure.

This formulation effectively balances expressiveness and regularization, and has been

widely applied in related causal discovery and variational modeling literature [41, 48].

In essence, our framework comprises an encoder qE(A
I
kk′ |Eu) that identifies causal

relationships among user interests, and a decoder pD(zt+1,k|AI
kk′ , zt,k) that tracks the

temporal evolution of these interests. The interest-level causal graph AI is optimized
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using the following objective function:

LIC =

|D|∑
u

KL
[
qE(A

I |Zu)||p(AI)
]
− E[log pD(zk,t+1|zt, A

I)] + λ||AI ||,

s.t. trace(eA
I⊙AI

)−K = 0

(4.10)

where the first term forms a variational lower bound in encoder-decoder framework,

minimizing KL-Divergence to a prior distribution over the encoder, and a negative

log-likelihood for the decoder. ||AI || promotes graph sparsity with coefficient λ > 0.

The constraint trace(eA
I⊙AI

) ensures AI is directed acyclic.

4.4.3 News-level Causality

Recognizing that causal patterns at the interest level mirror user behaviors, we project

these findings to the news level to uncover the logic behind each action.

Intuitively, if concept k causally influences k′ and they are activated when browsing

news Dt and D′
t respectively, we can infer a causal link between these behaviors. For

example, a user’s location may cause interest in local trends; browsing location-based

news can predict subsequent interest in local culture news. By examining all activated

concepts and their causal links, we determine logical associations between browsing

behaviors. With the learned adjacency matrix AI , we construct the news-level causal

graph AD = Z⊤
u A

IZu ∈ RN×N , where AD
t,t′ represents the probability that browsing

Dt leads to browsing Dt′ . In recommendations, a high AD
t,t′ indicates a likelihood of

interest in Dt′ subsequently after browsing Dt. This operation refines user preference

predictions and tailors user representations. We reconstruct news embeddings using

causative news with the loss function Lrec = min
∑|D|

u ∥Eu − ADEu∥22, integrating

user action causality to enhance behavior pattern insights and preference encoding.

We have constructed a news-level causal graph to uncover the causal pattern in user

behaviors. For a candidate news article Dc, we evaluate its causal impact from a

user’s history as AD
c = Z⊤

u A
Isc, where sc ∈ RK represents the concept assignment
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distribution of Dc. This distribution is obtained by applying the softmax function

to the normalized cosine similarities between the candidate news embedding ec and

the center concept vectors {ck}Kk=1. Additionally, given extensive browsing histories,

many articles may lack causal relevance to Dc. To prioritize those with stronger

causal connections, we filter out irrelevant articles before processing them with the

user encoder Fu as E ′
u = diag(AD

c > τ)Eu, where τ is a threshold parameter to select

articles with higher causal relevance.

4.4.4 Model Implementation

For the news encoder Fn and user encoder Fu, we adopt the implementation from [116].

Specifically, the news encoder leverages a pre-trained BERT model [14] to generate

the news embeddings Eu, while the user encoder utilizes a multi-head self-attention

mechanism to aggregate user behaviors.

Following established practices [43, 91], we employ negative sampling during training,

where, for each user, the model predicts scores for one positive and L negative news

samples. The primary objective for the news recommendation task is formulated as

a log-likelihood loss:

LNR = −
|D|∑
u

log
exp(y+u )

exp(y+u ) +
∑L

j=1 exp(y
j
u)
, (4.11)

where y+u and yju denote the predicted scores for the positive and the j-th negative

sample for user u, respectively.

Combining the above objective with the auxiliary losses introduced in previous sec-

tions, the final training objective is defined as:

L = LNR + α · Lrec + β · LIC + γ · LIA, (4.12)

where α, β, and γ are hyperparameters that balance the contributions of the recon-

struction loss Lrec, the interest-level causality loss LIC , and the interest activation

loss LIA, respectively.
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4.4.5 Computational Complexity and Scalability

To evaluate the practicality of CBPI, we analyze its per-user computational complex-

ity.

• Interest Activation computes weighted combinations of K concept vectors

for each of the N historical news embeddings. This step has a complexity of

O(NKd).

• Interest-level Causal Discovery models invariant causal relationships among

interest concepts. The encoder captures pairwise interactions among K con-

cepts with complexity O(K2d), while the decoder aggregates temporal transi-

tions over N steps, recurring an additional complexity of O(NK2d).

• News-level Causal Projection constructs a news-level causal graph via ma-

trix multiplication AD = Z⊤
u AIZu, where Zu ∈ RN×K is the concept distribution

matrix and AI ∈ RK×K is the interest-level adjacency matrix. This operation

requires O(KN2) time. The subsequent reconstruction of news representations

through causal aggregation involves O(N2d) complexity.

The total computational complexity per user can be summarized as:

O(NKd+K2d+NK2d+KN2 +N2d). (4.13)

Although the complexity includes several quadratic terms with respect to N , it re-

mains manageable in practice due to the typically limited length of user histories.

Furthermore, the framework supports several optimization strategies, including sparse

graph pruning, low-rank approximations, and incremental updates, which can further

improve scalability in large-scale deployments.
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4.5 Experiment

4.5.1 Dataset

We assess the effectiveness of our proposed approach on the real-world news rec-

ommendation dataset MIND [119], which includes two versions: MIND-small and

MIND-large. The MIND-large version comprises approximately 161,000 news articles

and over 15 million impression logs collected from 1 million users. By comparison,

MIND-small is a sampled subset containing interaction data from 50,000 users ran-

domly selected from MIND-large. Due to licensing restrictions, the ground-truth

labels of the official test set in MIND-large are inaccessible. Following previous work

[51, 91], we randomly divide the original validation set into two equal parts to con-

struct a new validation set and a separate test set. Throughout our experiments, we

utilize only the user behavior logs and news metadata provided in the MIND dataset.

A summary of dataset statistics is provided in Table 4.1.

Table 4.1: Statistics of the two datasets

MIND-small MIND-large

# News 65,238 161,013

# Categories 18 20

# Impressions 230,117 15,777,377

# Users 50,000 1,000,000

# Clicks 347,727 24,155,470

4.5.2 Experimental Settings

In our experiments, we utilized the most recent 50 news articles browsed by each user

to learn user representations. The news embedding dimensionality was set to 300,
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with a batch size of 64. Negative sampling was applied at a ratio of 1:4 (one positive

sample and four negative samples per user). The hyperparameters λ, α, β, and γ

were carefully tuned based on validation set performance and set to 0.1, 0.15, 0.15,

and 0.2, respectively. For evaluation, we adopted standard metrics including AUC,

MRR, nDCG@5, and nDCG@10, consistent with previous studies [43, 51]. To focus

on modeling core features without relying on external information, we used only the

title text as input to the news encoder. Accordingly, we did not compare our method

with approaches that utilize heterogeneous or hybrid auxiliary features [112, 36].

4.5.3 Baseline Methods

To measure the performance of our proposed CBPI on news recommendation, we

compare it with the following state-of-the-art methods: Neural recommendation

models: (1) DKN [89] employs CNNs for news representations and a target-aware

attention network for user representations. (2) NPA [111] integrates a personalized

attention mechanism to enhance word and news interaction recognition for user and

news profiling. (3) LSTUR [2] leverages GRU to detect short-term user interests,

while viewing user ID embeddings as long-term preferences. (4) NRMS [113] uti-

lizes multihead self-attention to learn news representations and understand content

relationships to model user interests. (5) NNR [51] combines biLSTM with cross-

attention for news encoding and GCNs for structural user encoding.

Transformer-enhanced models: (1) IPNR [91] integrates tf-idf features with Con-

ceptNet to model users’ browsing intentions, employing GCNs for temporal dynamics

and FastFormer for preference capture. (2) NRMS+BERT and LSTUR+BERT [116]

enhance NRMS and LSTUR models with BERT for superior news encoding. (3)

MINER [43] introduces category-aware attention to refine user representation learn-

ing and accommodate varied browsing interests.

Graph learning methods: (1) GAT [88] enhances graph representation by atten-
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Table 4.2: Main results of different methods (values in % without the symbol).

Methods
MIND-small MIND-large

AUC MRR nDCG@5 nDCG@10 AUC MRR nDCG@5 nDCG@10

DKN 62.75 28.94 31.46 38.02 64.51 30.02 33.04 39.47

NPA 64.51 30.02 33.05 39.46 66.24 31.94 34.52 40.59

LSTUR 65.77 30.85 34.07 40.51 67.01 32.17 35.34 40.78

NRMS 66.20 31.12 34.65 41.17 67.53 31.94 35.45 41.85

NNR 66.96 31.50 35.01 41.41 67.89 32.36 35.93 42.24

IPNR 68.16 32.43 35.98 42.20 69.63 34.42 37.82 44.02

NRMS+BERT 68.33 32.76 36.49 42.71 69.45 34.67 37.72 43.69

LSTUR+BERT 68.12 32.39 36.08 42.39 69.40 34.39 37.50 43.65

MINER 69.58 33.81 37.61 43.88 71.48 36.15 39.70 45.36

CBPI 69.73 33.95 37.93 44.07 72.32 36.64 40.27 46.01

CBPI+GAT 68.42 32.94 36.54 42.78 69.46 34.73 37.86 43.70

CBPT+CASTLE 68.96 33.17 36.94 43.05 70.38 35.13 38.39 44.28

CBPT+CAUSER 69.02 33.23 36.99 43.22 70.44 35.14 38.36 44.32

tively weighting neighboring nodes. (2) CASTLE [41] employs a DAG regularizer

as Equation 4.2 for improved supervised prediction. (3) CAUSER [105] integrates

causal discovery to capture causalities among user sequential behaviors.

4.5.4 Main Results

The model performances of our proposed CBPI and the baselines on both dataset

versions are summarized in Table 4.2. Our analysis yields the following insights.

Transformer-based methods (Rows 6-9) outperform traditional neural networks (Rows

1-5). NRMS+BERT and LSTUR+BERT excel over shallow models, emphasizing the

value of deep models in capturing rich semantics. However, they overlook the time-

evolving nature of news browsing behaviors. IPNR and MINER address this by

using external knowledge graphs and category-driven interest vectors, respectively,
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achieving better results. These findings validate the need to understand latent user

interests driving news engagement.

CBPI tops performance charts across all metrics on both datasets, underscoring its

effectiveness. Unlike NRMS+BERT, which lacks high-level user interest modeling,

CBPI incorporates these factors without explicit signals, leading to superior perfor-

mance. It also surpasses multi-interest methods enhanced with explicit signals like

IPNR and MINER, highlighting the importance of modeling causal relationships in

user interests. By aligning interest-level and news-level causality, CBPI uncovers

causal patterns from underlying user interests and reduces spurious correlations from

content similarity, fostering robust and accurate user representations. The improve-

ment on MIND-small is smaller than that on MIND-large, likely because the smaller

dataset has less diversity in user interests, making the learned causal patterns less

applicable to a broader user base.

Constructing an interest-level causal graph is crucial for uncovering causal behav-

ior patterns. We evaluated its effectiveness using various graph learning methods

(Rows 11-13). All alternatives showed obvious performance declines compared to our

causal discovery approach. GAT significantly dropped due to its reliance on statistical

correlations and content similarity. While Castle and Causer consider causality and

perform better, they treat graph nodes as static features, missing dynamic transitions

in news content. In contrast, our approach captures time-invariant causal relations

and dynamically models evolving interest concepts, making it more adaptive and

suitable for news recommendation.

4.5.5 Ablation Study

To evaluate the impact of each core component within our framework, we conduct an

ablation study by systematically removing four key modules: the interest activation

loss (CBPI w/o IA), the interest-level causal graph (CBPI w/o IC), the news rep-
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resentation reconstruction (CBPI w/o NC), and the filtering operation (CBPI w/o

F). The results are presented in Table 4.3.

The complete CBPI model achieves the best overall performance, with an AUC of

72.32, an MRR of 36.64, nDCG@5 of 40.27, and nDCG@10 of 46.01. When the inter-

est activation loss is removed, AUC drops to 71.56 and MRR to 36.23, indicating that

the interest activation mechanism substantially contributes to the model’s ability to

match user interests with conceptually similar news. This module narrows the search

space for causal discovery by grouping related news items, which in turn leads to more

accurate identification of underlying causal relationships. Although the performance

of CBPI w/o IA remains relatively strong, the observed decline highlights the added

value of the interest activation loss in refining user interest modeling.

The removal of the interest-level causal discovery module (CBPI w/o IC) results

in a further decrease, with AUC at 69.51 and MRR at 34.73. This suggests that

capturing the dynamic and evolving nature of user interests through causal structures

is important for effective user representation. However, even without this component,

the model still outperforms most baseline methods, which underscores the robustness

of the remaining modules. Nevertheless, in the absence of interest-level causality

modeling, the framework’s performance lags behind state-of-the-art models such as

IPNR and MINER, particularly because it does not utilize explicit semantic features

or news categories.

The news representation reconstruction module also plays a critical role. When this

component is omitted (CBPI w/o NC), the AUC drops to 71.96 and MRR to 36.39.

This decline is more significant than the drop observed when the filtering module is

removed (CBPI w/o F), which achieves an AUC of 72.08 and MRR of 36.51. This

comparison indicates that reconstructing news representations to explicitly encode

causal behavior patterns across the user’s full historical context is more impactful than

merely filtering out irrelevant news for each candidate. While the filtering operation

helps to reduce noise in the recommendation process, the reconstruction of news
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Table 4.3: Effects of different CBPI components.

Methods
MIND-large

AUC MRR nDCG@5 nDCG@10

CBPI ω/o IA 71.56 36.23 39.77 45.45

CBPI ω/o IC 69.51 34.73 37.71 43.90

CBPI ω/o NC 71.96 36.39 39.89 45.56

CBPI ω/o F 72.08 36.51 40.01 45.81

CBPI 72.32 36.64 40.27 46.01

embeddings enables the model to develop a deeper understanding of causal user-news

interactions.

In conclusion, the ablation results demonstrate that each module in the CBPI frame-

work contributes to the overall performance. Among them, the interest activation

and news reconstruction modules are particularly crucial for precise modeling of user

interests and causal relationships, while the interest-level causal graph and filtering

operation provide further enhancements in capturing dynamic user behaviors and

reducing irrelevant information.

4.5.6 Hyperparameter Analysis

We further investigate the influence of two key hyperparameters in the CBPI frame-

work: the number of latent concepts K and the filtering threshold τ . All other

parameters are fixed at their optimal values during this analysis to ensure fair com-

parison. The results are illustrated in Figure 4.3.

The left panel of Figure 4.3 demonstrates how model performance varies with differ-

ent values of K. Both AUC and nDCG@10 improve as K increases from 4 to 16,
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Figure 4.3: The influence of hyperparameters on MIND-large.

reaching their highest values at K = 16. When K is set to 16, the model achieves

an AUC of approximately 72.3 and an nDCG@10 of about 46.0, indicating a well-

balanced representation of user interests. Increasing K beyond this point leads to

a gradual decline in both metrics. This trend suggests that a moderate number of

concepts allows the model to sufficiently capture the diversity in user interests with-

out introducing unnecessary complexity. When K becomes too large, the model may

overfit or fragment user interests, which reduces its ability to generalize. Conversely,

when K is too small, the model lacks the expressiveness to describe the full range of

user preferences, resulting in suboptimal performance.

The right panel of Figure 4.3 presents the effect of varying the filtering threshold τ .

The model achieves optimal results when τ is set to 0.3, with AUC and nDCG@10

again reaching peak values. Lowering τ below 0.3 causes a decline in performance,

likely because more irrelevant news items are retained, introducing noise and weak-

ening the model’s ability to focus on causally relevant behaviors. Raising τ above 0.3

also leads to reduced performance, as overly strict filtering may eliminate useful his-

torical context and disrupt the modeling of relevant news-level causal relationships.

Notably, the model maintains relatively stable performance for τ values in the range

from 0.2 to 0.4, indicating that the identification of causal patterns among browsing
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behaviors is robust to moderate changes in the filtering threshold.

These results highlight the importance of careful hyperparameter selection for maxi-

mizing model effectiveness. Choosing an appropriate number of latent concepts and a

suitable filtering threshold ensures that CBPI can accurately capture user interest di-

versity and causal behavior patterns, leading to strong recommendation performance.

4.6 Summary

In this work, we addressed news recommendation as a specialized instance of sequen-

tial recommendation, focusing on the complex and dynamic nature of user interests.

We proposed the Causal Behavior Pattern Inference (CBPI) framework, which, to our

knowledge, is the first approach to introduce causal discovery techniques into multi-

interest modeling for news recommendation. Unlike previous methods that rely on

static or predefined structures, CBPI automatically learns personalized, latent causal

graphs from users’ behavioral histories.

CBPI first disentangles each user’s browsing sequence into multiple latent interest

concepts. Building on recent advances in causal discovery, we designed an encoder-

decoder framework to jointly infer time-invariant causal relationships among these

interests and to model their temporal evolution. The encoder learns a DAG among

the interests, capturing the stable causal dependencies across the user’s interest space.

The decoder then models how current interests dynamically transition over time, in-

formed by these causal relations. A further innovation of CBPI is the mapping of

causal relations from the interest level to the news level. By projecting the learned

interest-level DAG onto news items, we construct a news-level causal graph that re-

veals the intrinsic logical connections between individual pieces of news. This graph

enables the model to filter out causally irrelevant news during user representation

learning, ensuring that each news item is only influenced by its causal parent nodes
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in the sequence. As a result, CBPI effectively mitigates spurious correlations and

enhances the robustness and rationality of user interest modeling. Extensive exper-

iments on real-world datasets demonstrate that CBPI achieves significant improve-

ments over state-of-the-art baselines. These results validate the importance of uncov-

ering and leveraging causal behavior patterns in sequential user modeling for news

recommendation.

Despite these strengths, CBPI also has certain limitations. While it models causal

relationships among latent interests and successfully projects them to the news level,

it does not explicitly capture the hierarchical interactions between different levels

of user intent and observable behaviors. Additionally, the news-level causal graph

is derived from interest-level causality and may not strictly satisfy the acyclicity

constraints required for formal causal discovery at all levels. This limitation restricts

the framework’s ability to represent the full complexity and interdependence inherent

in user behavior.

These observations highlight the necessity of capturing multi-level causality in user

modeling, motivating the development of more comprehensive approaches that can

jointly represent hierarchical and cross-level causal dependencies in sequential user

behaviors. This direction will be further explored in the following chapter.
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Chapter 5

From Interests to Behavior:

Hierarchical Causal-Inspired

Structure Modeling for

Personalized News

Recommendation

5.1 Introduction

News recommendation, as a specialized form of sequential recommendation, presents

unique challenges due to the dynamic evolution of user interests and the intricate de-

pendencies among user behaviors. Recent advances in causal discovery have demon-

strated promising potential for revealing the underlying structures that drive user

decision-making processes [145, 41, 44]. However, most existing causal discovery ap-

proaches in recommendation systems [105, 120] are limited to learning a flat causal

graph over isolated variables, typically assuming homogeneous node semantics. This
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oversimplification constrains their ability to represent the hierarchical and interdepen-

dent nature of user interests and behaviors that are prevalent in news recommendation

scenarios. These limitations underscore the importance of hierarchical causal model-

ing, which can disentangle diverse user interests and explicitly trace their influence

on observable news interactions. Building such a principled framework is crucial for

capturing the complex, multi-level causal relationships that underlie user browsing

sequences. The work presented in this chapter is dedicated to addressing this gap

by introducing a unified approach for discovering and leveraging multi-level causal

structures in news recommendation.

How to Stay Motivated During
Long-Term Training

Lifestyle

Purchase the Right Running
Gear for Optimal Performance

Shopping

Top 10 Marathon Destinations
Around the World

Sports

Top 10 Yoga Accessories to
Improve Your Flexibility

Shopping

Causal Dependency Spurious CorrelationLatent InterestNews Category

Figure 5.1: Illustration of causal and spurious dependencies in news recommendation.

Our approach is motivated by two key observations regarding user news consumption

behavior. First, user behaviors are typically guided by evolving high-level interests

or intentions. For example, as illustrated in Figure 5.1, a user may browse news1

due to an interest in marathon events at time t1, and subsequently read news2 with

the intention of purchasing related equipment. These actions reflect semantically

distinct but causally connected interests. Second, historical user behaviors often

exhibit inherent causal dependencies. In this case, the decision to browse news2

is causally influenced by the prior exposure to marathon-related content in news1.

Without this preceding browsing behavior, surface-level attributes such as ”sports” or
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”shopping” may not be sufficient to accurately infer the user preference. Consequently,

conventional approaches based on statistical associations among news content may

misinterpret the user intent. They may overemphasize correlations between keywords

and mistakenly recommend irrelevant news (e.g., news1c), which share only superficial

content similarities with news1 (as a sports-related article) and news2 (as shopping for

gear), but lack the underlying causal context that drives user behavior. In contrast,

a causally-informed perspective can recognize newsc2 as a plausible candidate, as it

aligns with the user’s underlying decision process shaped by prior interactions—even

without obvious topical or categorical similarity.

These observations highlight the need for a principled framework that accounts for

two complementary forms of causality: one capturing how latent user interests give

rise to observable actions, and the other modeling how user behaviors exhibit struc-

tural causal dependencies beyond temporal order. In response, we propose Hierar-

chical Causal-Inspired Representation (HCR), a unified framework designed to dis-

cover and leverage multi-level causal structures within user behavior sequences for

news recommendation. To be specific, HCR consists of three key components. First,

Latent Interest Discovery disentangles users’ browsing history into multiple seman-

tically coherent latent interests via hierarchical clustering and cluster-specific atten-

tion, providing an interpretable abstraction of user preferences. Second, Hierarchical

Causal Graph Learning constructs a two-level causal graph through differentiable

causal discovery. By combining latent interest representations and historical behav-

ior embeddings, we employ a set of behavior-specific neural networks to reconstruct

each behavior embedding from these entangled inputs. The reconstruction weights

are interpreted as causal influence scores, enabling the discovery of both interest-to-

behavior and intra-behavior causal dependencies. The differentiable DAG learner is

constrained to reflect the nature of user preferences in news recommendation, en-

couraging both temporal consistency and semantically meaningful causal structures.

This hierarchical causal graph provides a principled foundation for understanding and
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modeling the dynamics of user behaviors. Finally, Causal-Aware User Representation

aggregates user behaviors under the guidance of the learned hierarchical causal graph,

effectively alleviating spurious correlations and producing robust, interpretable user

representations for accurate recommendation.

The key contributions of this work are outlined as follows:

• We identify and formally model two complementary types of causal relationships

in user behaviors: one reflecting how latent user interests give rise to observable

actions, and the other capturing the underlying dependencies among historical

behaviors.

• We develop a hierarchical causal modeling framework that jointly incorporates

user interests and historical behaviors through differentiable causal discovery,

with architectural constraints tailored to the characteristics of news recommen-

dation scenarios.

• We theoretically analyze how discovering the causal structure can help capture

robust multi-interests for news recommendation. Extensive experiments on

the real-world datasets demonstrate that our method consistently outperforms

state-of-the-art baselines in terms of recommendation accuracy and diversity.

5.2 Problem Statement

5.2.1 Task Definition

Let u denote a user with a chronologically ordered history of N browsed news articles,

represented as Du = [D1, D2, . . . , DN ]. As illustrated in Section 4.3.1, the news

recommendation task is to estimate the likelihood that user u will interact with a

candidate news article Dc. Each news article Di is mapped to an embedding vector ei
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via a news encoder, resulting in historical news embeddings Eu = [e1, e2, . . . , eN ]. The

candidate news Dc is similarly encoded as ec. The final matching score is computed

as the dot product yu = e⊤
c · u, where u represents the user’s current preferences.

5.2.2 Reflection on Interest Matching

In this section, we explore the necessity of discovering causality to better capture and

preserve diverse user interests in news recommendation.

As previously discussed, user browsing behaviors are typically driven by multiple la-

tent interests. To enhance recommendation performance, it is crucial not only to ac-

curately model these interests but also to ensure that the distribution of user interests

reflected in the recommended list aligns with that in the user’s historical behaviors.

In recommendation systems, interest calibration, i.e., matching the distribution of

recommended content to the user’s underlying interest distribution, has been widely

recognized as an effective proxy for measuring personalized diversity [80, 62, 103].

Formally, the calibration of user interest can be measured by the following divergence:

Q(p, q) =
∑

zk∈Zu

p(zk|u) log
p(zk|u)
q(zk|u)

, (5.1)

where Zu denotes the set of latent interests for user u, and zk represents the k-th inter-

est factor. Here, p(zk|u) is the distribution of user interests estimated from historical

interactions Du, while q(zk|u) is the distribution inferred from the recommended list

Su. Specifically, they are computed as:

p(zk|u) =
1

|Du|
∑

Di∈Du

P (zk|Di, u), q(zk|u) =
1

|Su|
∑

Di∈Su

P (zk|Di, u), (5.2)

where P (zk|Di, u) measures the likelihood that news Di is associated with interest zk
for user u.

67



Chapter 5. Hierarchical Causal-Inspired Structure Modeling for personalized NR

We adopt KL divergence in Equation (5.1) due to its asymmetry, which places greater

emphasis on missing interest modes in the recommendation distribution. This prop-

erty aligns with the goal of avoiding under-representation of user interests. Moreover,

KL divergence provides a principled way to quantify the semantic discrepancy be-

tween historical behaviors and recommendations, serving as a meaningful indicator

of interest mismatch [80, 62].

To achieve robust interest calibration, it is desirable that P (zk|Di, u) remains invariant

across different environments, i.e., P (zk|Di, u) = P ′(zk|Di, u) even when the joint

distributions P (Di, u) and P ′(Di, u) differ. Such invariance ensures that the model’s

understanding of user interests remains stable under distributional shifts between

users’ historical behaviors and candidate news items.

According to Bayes’ theorem, P (zk|Di, u) can be expanded as:

P (zk|Di, u) =
P (Di|u, zk)P (u|zk)P (zk)∑

zk′∈Zu P (Di|u, zk′)P (u|zk′)P (zk′)
. (5.3)

To better understand the factors influencing the stability of P (zk|Di, u), we further

analyze Equation 5.3. The denominator is a summation over all possible interests,

weighted by P (Di|u, zk′)P (u|zk′)P (zk′). In practice, the interacted news at a specific

time is often dominated by limited latent interests, leading to a sparse activation

pattern over Zu. Under this assumption, the contribution from irrelevant interests

zk′ becomes negligible, and the denominator is primarily determined by the terms

associated with the most relevant interests. Thus, maintaining the stability of the

numerator, P (Di|u, zk)P (u|zk)P (zk), becomes critical for ensuring the invariance of

P (zk|Di, u). Since the prior P (zk) is typically assumed to be static or minimally

impacted by environmental shifts, the key factors that determine the robustness of

P (zk|Di, u) are P (Di|u, zk) and P (u|zk). Alternatively, from a causal perspective,

ensuring that Di ⊥⊥ Env | (u, zk) and u ⊥⊥ Env | zk would imply that the conditional

distributions P (Di|u, zk) and P (u|zk) are stable across different environments. These

insights motivate the need to explicitly model the underlying causal processes that
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govern user behaviors and their interactions with news items.

Inspired by recent advances in causal discovery for recommendation [29, 107], we argue

that achieving robust interest matching requires simultaneously modeling two types

of inherent causal relationships. The first concerns behavior-level causality, which de-

scribes how historical user behaviors causally influence subsequent news interactions

and thus preserves the invariance of P (Di|u, zk). The second concerns interest-to-

behavior causality, which models how latent user interests generate observable user

behaviors and thereby maintains the invariance of P (u|zk). Accordingly, we propose

constructing a hierarchical causal graph for each user, where one layer captures the

causal dependencies among interacted news articles, and the other models the gen-

erative process from latent interests to interactions. Based on the learned causal

structure, we reconstruct behavior representations that better reflect the underlying

drivers of user actions, thereby enabling more accurate, robust, and interest-calibrated

recommendations.

5.3 Methodology

As illustrated in Figure 5.2, the proposed model consists of three main components:

(1) Latent Interest Discovery, which identifies underlying user interests from behav-

ioral sequences; (2) Hierarchical Causal Graph Learning, which constructs a hierarchi-

cal causal graph to model both the relationships between user interests and behaviors

as well as dependencies among behaviors themselves; and (3) Causal-Aware User Rep-

resentation, which aggregates user behaviors under causal guidance to generate the

final prediction.
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Figure 5.2: Framework of HCR, which consists of three key components: latent

interest discovery, hierarchical causal graph learning, and causal-aware user repre-

sentation.

5.3.1 Latent Interest Discovery

Users often exhibit multiple latent interests that evolve over time and jointly influence

their news browsing behavior. These interests are typically implicit and cannot be

fully captured by observable features such as news categories or metadata. To enable

hierarchical structure modeling over user preferences in subsequent modules, we first

derive a set of disentangled latent interest representations that serve as a compact

and interpretable abstraction of user intents.

Unlike existing methods of interest matching that apply multi-head attention over the

full interaction sequence, which can lead to interest entanglement and cross-topic in-

terference, we explicitly separate distinct user interests during representation learning.

The objective is to generate high-level, semantically coherent interest representations

that are both informative and independent.
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Traditional approaches often apply multi-head attention over the entire interaction

sequence to infer user interests [43, 140]. However, such methods tend to entangle

unrelated topics, leading to noisy and overlapping interest representations. In con-

trast, we explicitly separate distinct interests during representation learning to ensure

semantic purity and mutual independence.

Given a user’s historical interaction sequence Eu = [e1, e2, . . . , eN ] ∈ RN×d, where

each ei is encoded by a news encoder, we first apply the average linkage clustering to

group the news items into K clusters. This method provides a simple yet effective way

to group semantically similar news articles, without relying on strong assumptions

about cluster shape or number of points. Each cluster Ck = [e1, . . . , e|Ck|] contains

news pieces that are semantically similar and reflects a coherent aspect of the user’s

interests.

To summarize each cluster into a latent interest vector zk, we employ a self-attention

mechanism that captures contextual relevance within the cluster:

αz
t = softmax(v⊤

k tanh(Wet + b)), (5.4)

zk =

|Ck|∑
t=1

αz
tet, (5.5)

where vk, W , b are learnable parameters, and αz
t denotes the importance of the t-

th news item within cluster Ck. By applying attention independently within each

cluster, the model ensures that the resulting interest vectors are disentangled, each

of which summarizes a distinct, semantically grounded component of user preference.

We denote the set of interest representations as Zu = [z1, . . . , zK ] ∈ RK×d.

To further support downstream causal graph learning, we construct an interest as-

signment matrix M̂ ∈ RN×K , where each entry M̂i,k measures the probability that

the interaction ei is driven by the k-th latent interest. Specifically, we compute:

M̂i,k =
exp (sim(ei, zk))∑K
j=1 exp (sim(ei, zj))

, (5.6)
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where sim(·, ·) denotes the cosine similarity. This matrix provides a soft and informa-

tive mapping between user interactions and latent interests, enabling structure-aware

modeling in the causal graph learning module.

5.3.2 Hierarchical Causal Graph Learning

To uncover the underlying causal structure of user preferences, we perform causal

discovery over both historical interactions and latent interests. Specifically, we aim

to learn a hierarchical causal graph that captures two types of dependencies: (1) intra-

behavior causality, describing how different user behaviors are causally related, and

(2) interest-to-behavior causality, modeling how latent user interests drive observable

actions of browsing news articles.

We formulate this causal discovery process as a representation reconstruction prob-

lem. Given the historical interaction embeddings Eu and latent interest vectors Zu,

we concatenate them into a unified input X̂ = [Eu∥Zu] and feed it into a set of

behavior-specific neural networks fθ = {f (n)}Nn=1, where each f (n) is responsible for

reconstructing the n-th interaction embedding:

f (n) = W2 ReLU(W
(n)
1 X̂), (5.7)

where W
(n)
1 ∈ RH×(N+K) is the input projection layer for the n-th interaction, and

W2 ∈ RN×d is a shared output layer. To prevent trivial self-loops, the n-th row of

W
(n)
1 is masked out. The data reconstruction loss is defined as:

Lrec =
∑
u∈D

∥Eu − fθ(X̂)∥2. (5.8)

This reconstruction process implicitly defines a causal adjacency matrix A ∈ R(N+K)×N ,

where the upper submatrix AE ∈ RN×N encodes causal dependencies among user in-

teractions, and the lower submatrix AZ ∈ RK×N captures how each latent interest

contributes to the decision of interacted news. Compared to conventional causal dis-

covery methods that operate on homogeneous variables (e.g., all nodes representing
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the same type of observed behavior), our framework explicitly models heterogeneous

node types (i.e., user behaviors and latent interests) within a unified causal graph.

This enables our model to reason not only about sequential influence among behav-

iors but also about how abstract user interests manifest in concrete actions, which is

particularly important in the news recommendation system, where intent shifts are

frequent and subtle.

To estimate the causal strength between nodes, we extract the effective influence

weights from the first layer of each reconstruction network. For intra-behavior causal-

ity, we define:

AE
i,j = ∥(W

(j)
1 )i,: + M̂i,:(W

(j)
1 )N :,:∥2, (5.9)

where the first term measures the direct causal effect of ei on ej, while the second

term accounts for the indirect influence mediated via latent interests, using the inter-

est assignment matrix M̂ . The ℓ2-norm aggregates the influence across all dimensions

into a scalar that reflects the overall causal strength. In the context of news recom-

mendation, a higher value of AE
i,j suggests that browsing news item Di increases the

likelihood of subsequently browsing Dj, i.e., the behavior at time i is a potential

prerequisite for the interaction at time j. In contrast to mere correlation, this formu-

lation reflects directional influence, allowing the model to better capture behavioral

dependencies that would be disrupted if earlier interactions were absent.

Likewise, the strength of interest-to-behavior causality is computed as AZ
k,j = ∥(W

(j)
1 )N+k,:∥2,

which quantifies how the k-th latent interest indicates the user’s decision to browse

news Dj.

To enforce acyclicity in the resulting graph without resorting to matrix exponen-

tials [44], we first compute D = A ◦ A, where ◦ denotes element-wise multiplication.

We then perform Schur decomposition on D to obtain an upper triangular matrix

R. The graph is acyclic when the squared sum of the diagonal elements of R equals

zero, and we formalize this requirement with the constraint Lacyc(A) = ∥diag(R)∥22.
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At the same time, we encourage sparsity in the learned structure by incorporating an

ℓ1-norm regularization term, Lspa(A), as detailed in Section 4.3.2.

In addition, we introduce two architectural regularization terms tailored to the news

recommendation scenario. First, since user behaviors are typically driven by some

latent intent, we encourage all behavior nodes to have non-zero in-degree:

Lnzd =
N∑
i=1

log ∥A:,i∥. (5.10)

Second, although we do not impose strict temporal ordering, we discourage implau-

sible chronological violations by penalizing extreme edge directions at the sequence

boundaries:

Lchr =
N∑
i=1

|A(i, 1)|+
N∑
j=1

|A(N, j)|, (5.11)

which ensures the first news browsing behavior has no parents while the last one has

no causal descendants, preserving basic temporal coherence.

The overall objective for hierarchical causal graph learning specific to news recom-

mendation is:

LNR
dag = Lrec + λ1Lacyc + λ2Lspa + λ3Lnzd + λ4Lchr, (5.12)

By integrating multi-level causal signals and NR-specific architectural constraints into

a unified structure, our model goes beyond traditional single-layer causal discovery

approaches.

5.3.3 Causal-Aware User Representation

To enable interpretable preference modeling, we propose a causal-aware user rep-

resentation based on a causal propagation mechanism over the learned hierarchical

structure. Unlike prior methods that aggregate user interactions Eu using simple

pooling or attention [116, 112], we leverage the learned hierarchical causal graph
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A ∈ R(N+K)×N as a structural prior to incorporate multi-hop dependencies among

user behaviors and latent interests. Furthermore, to enhance the sparsity and relia-

bility of the learned causal graph, we apply a thresholding operation to the adjacency

matrix A prior to propagation, retaining only edges with causal scores exceeding a

predefined threshold τ .

Let H(0) ∈ R(N+K)×d represent the initial set of node embeddings, which include both

the user’s historical behavior sequence Eu and latent interest vectors Zu. Notably,

Eu has already been refined through the causal graph learning objective defined in

Equation 5.8, allowing the model to capture more informative and causally grounded

behavioral semantics. To incorporate the structural dependencies encoded in the

adjacency matrix A, we apply a two-step gated message propagation to update the

behavior node representations accordingly:

m
(l)
j =

N+K∑
i=1

Ai,j ·Wm · h(l−1)
i , h

(l)
j = GRU(m

(l)
j ,h

(l−1)
j ), (5.13)

where Wm is a shared transformation matrix and GRU(·) denotes a gated recurrent

unit that regulates information integration. Representations of interest nodes Zu

remain unchanged during propagation. After two iterations of causal propagation,

we obtain updated interaction representations h
(2)
t at each time step, which encode

both direct and high-level causal signals.

To construct a candidate-aware user representation, we employ an attention mech-

anism to estimate the relevance between the candidate news representation ec and

each updated interaction h
(2)
t :

αt = softmax
(
e⊤
c Wah

(2)
t

)
, u =

N∑
t=1

αt · h(2)
t , (5.14)

where the attention weights αt can be considered as a form of counterfactual rea-

soning, allowing the model to emphasize behaviors that are most likely to causally

support the engagement with the candidate news.
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The final recommendation score is computed via the dot product between the can-

didate news representation and the user representations: y = e⊤
c · u. Following

standard practice [116, 140], we adopt negative sampling to optimize the model by

distinguishing the clicked item y+u from L negative samples {yju}Lj=1 using a softmax-

based log-likelihood:

LNR = −
∑
u∈D

log
exp(y+u )

exp(y+u ) +
∑L

j=1 exp(y
j
u)
. (5.15)

To ensure a valid causal structure, we further incorporate a DAG regularization term

tailored for personalized news recommendation into the final objective:

L = LNR + γ · LNR
dag, (5.16)

where γ is a hyperparameter balancing the recommendation loss and the NR-specific

DAG constraint.

5.3.4 Computational Complexity and Scalability

To support the practical deployment of the proposed HCR framework, we present a

detailed analysis of its computational complexity and discuss its scalability in large-

scale recommendation scenarios.

The overall computation for each user comprises three primary components: latent

interest discovery, hierarchical causal graph learning, and causal-aware user represen-

tation.

Latent Interest Discovery involves performing hierarchical clustering on historical

news embeddings, which incurs a worst-case complexity of O(N2). Given that N is

typically fixed to a relatively small constant in practice (e.g., 50), this cost is limited

and manageable. The subsequent cluster-level self-attention and the construction

of the interest-to-behavior assignment matrix require an additional complexity of
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O(NKd).

Hierarchical Causal Graph Learning constitutes the most computationally in-

tensive part of the model. Reconstructing N behavioral embeddings from N + K

inputs using a set of behavior-specific neural networks results in a complexity of

O(N(N + K)H). In addition, enforcing the differentiable DAG constraint on the

causal graph introduces a complexity of O((N +K)3). These computations are per-

formed independently for each user and can be efficiently parallelized using GPU-

based acceleration and shared parameterization.

Causal-Aware User Representation incorporates gated message propagation over

the learned hierarchical causal graph. With T propagation steps, the total complexity

is O(T (N + K)Nd), assuming the graph remains sparsely connected after pruning.

This is followed by a candidate-aware attention aggregation step with complexity

O(Nd).

By aggregating the computational costs of all modules, the total complexity during

training becomes:

O
(
N2 +NKd+N(N +K)H + (N +K)3 + T (N +K)Nd

)
. (5.17)

In applied settings, the parameters N , K, and T are typically fixed to small val-

ues. As a result, the overall complexity scales linearly with respect to batch size

and embedding dimensions, which ensures computational efficiency. Furthermore, a

threshold-based pruning strategy is applied to the learned causal graph, effectively

reducing the number of edges and thereby accelerating both the message-passing

process and inference.

Regarding scalability, the HCR framework is designed to be compatible with large-

scale deployment. Most operations within each module, such as attention computa-

tion, neural reconstruction, and graph-based propagation, involve matrix and tensor

operations that are highly parallelizable and well-suited for GPU acceleration. Al-
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though the overall framework is executed in a sequential, end-to-end manner, its

internal components can be efficiently implemented on modern GPU hardware to

ensure scalability in large-scale settings. In addition, the use of fixed-length user

histories and shared network components contributes to bounded memory usage and

stable runtime across varying user interaction patterns. These properties collectively

enable HCR to operate efficiently on large-scale datasets such as MIND-large and

support real-time inference within practical news recommendation systems.

Compared with CBPI proposed in Chapter 4, which involves quadratic operations over

the full user history during concept-level and news-level reconstruction, HCR avoids

repeated dense matrix multiplications and significantly reduces costly O(N2 ·d) terms

through efficient hierarchical abstraction and sparse causal propagation.

5.4 Experiment

5.4.1 Experimental Settings

At the beginning of our experimental setup, we employ the same real-world news

recommendation dataset as described in Section 4.5.1, namely MIND [119], which

includes both the MIND-large and MIND-small versions. All experimental protocols,

including the use of MIND-large and its sampled subset MIND-small, as well as

data preprocessing and split strategies, are kept consistent with the previous setting.

Following [113, 112], we construct each user’s historical interaction sequence using

their 50 most recent clicked news items. Training is performed with mini-batches of

size 64, and each positive instance is paired with 4 negative samples.

We set the number of latent interests K to 8 and the filtering threshold τ to 0.4, based

on preliminary validation performance and insights from prior studies. These values

strike a balance between representation expressiveness and graph sparsity, as further
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analyzed in Section 5.4.7. We also observe that the model remains relatively stable

within a moderate range of K and τ , suggesting that the learned causal structure is

robust to small variations in these settings. The hyperparameter γ, which controls

the strength of the overall DAG regularization, is tuned to 0.2 based on validation

performance. For the NR-specific DAG loss in Equation 5.12, we set the weighting

coefficients to λ1 = 0.3, λ2 = 0.1, λ3 = 0.2, and λ4 = 0.2, with values selected through

grid search on the validation set, after fixing K and τ .

For evaluation, we adopt standard metrics widely used in news recommendation,

including AUC, MRR, nDCG@5, and nDCG@10, following previous studies [126,

143]. To isolate and assess the model’s core reasoning capabilities without external

knowledge, we only use the news titles as input to the encoder. The news encoder is

implemented using a pre-trained BERT model, with the output embedding dimension

set to 128.

5.4.2 Baseline Methods

To ensure fair and focused comparison, we exclude two categories of methods: (1)

those that rely on explicit knowledge graph reasoning or entity-level alignment [36,

49], which introduce additional semantic supervision beyond our scope; and (2) those

that assume static item IDs or explicit treatment assignments [120, 29], which are

incompatible with the dynamic, content-driven nature of news recommendation. We

compare HCR against representative baselines that are compatible with the dynamic

and content-based nature of news recommendation. These baselines are grouped

according to their primary user modeling paradigms. For each baseline, we adopt

the best-performing hyperparameter settings reported in the original papers when

their experimental setups were consistent with ours. If the original configurations

were not directly applicable or key hyperparameters were not specified, we conducted

additional tuning on a validation set. All models were trained and evaluated using
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the same data splits, negative sampling strategy, and evaluation metrics to ensure a

fair and consistent comparison.

Feature-based Modeling. These methods rely on manually designed features and

shallow collaborative filtering techniques to model user-news interactions.

• LibFM [65]: Performs matrix factorization based on user/item IDs and sparse

textual features obtained from news titles, such as TF-IDF embeddings.

• DeepFM [21]: Integrates factorization machines with deep neural networks to

capture both first-order and complex high-order feature interactions in a unified

framework.

Sequential User Modeling. These methods model user interests as a single evolv-

ing sequence of historical interactions.

• DKN [89]: Encodes news content using CNNs and incorporates a target-aware

attention mechanism to dynamically fuse user representations based on brows-

ing history.

• NPA [111]: Introduces a hierarchical attention mechanism over both word-level

and article-level features to enhance user modeling.

• LSTUR [2]: Captures users’ short-term browsing preferences through a GRU-

based sequence encoder, while incorporating user ID embeddings to represent

long-term interests.

• NRMS [113]: leverages multi-head self-attention to model content associations

among browsed news and derive context-aware user embeddings.

Graph-based Structural Modeling. These approaches enhance user and news

representations by leveraging structural information from global click graphs or user-

news interaction networks.
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• NNR [51]: Integrates bi-directional LSTMs with cross-attention to collabora-

tively encode news content, and employs graph convolutional networks (GCNs)

to capture user structural information from interaction graphs.

• GLORY [126]: Incorporates a global click graph into a gated graph neural

network to enrich news representations with global behavioral signals.

• GLoCIMT [127]: Captures both local and long-range user interests by ex-

tracting and fusing long-chain dependencies from a global click graph.

Multi-interest User Modeling. These approaches explicitly model multiple latent

user interests to better capture diverse and fine-grained preferences.

• MIRec [143]: Introduces a multi-interest modeling framework that explicitly

accounts for news popularity, aiming to reduce the bias caused by overly popular

items.

• IPNR [91]: Identifies latent user interests by matching TF-IDF features with

external concepts from ConceptNet and models interest transitions via GCNs.

A FastFormer-based encoder is used to produce final user representations.

• MINER [43]: Leverages category-aware attention to extract fine-grained user

interests from browsing behavior.

Causal-aware Modeling. These approaches leverage causal modeling techniques

to improve the accuracy and robustness of learning from sequential user behavior in

recommendation systems.

• CauTailReS [134]: Models user-side popularity bias using a predefined causal

graph and applies do-calculus to disentangle the beneficial and detrimental
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effects of item popularity. It promotes long-tail exposure through consistency-

aware re-ranking and causal embedding. Note that CauTailReS is originally de-

signed for session-based recommendation and not specifically tailored for news

recommendation scenarios.

• TCCM [10]: Constructs a predefined content-level causal graph that captures

the influence of news popularity, timeliness, and content on user interactions.

It applies causal intervention during inference to reduce popularity bias in news

recommendation.

• CBPI: As introduced in Chapter 4, it develops an encoder-decoder framework

to infer users’ latent multi-interest patterns and their causal dependencies, using

an interest-level graph that is projected to the news level.

5.4.3 Main Comparison Results

Table 5.1 presents the performance of various baseline methods and our proposed

HCR on the MIND-small and MIND-large datasets. Overall, HCR consistently

achieves the best results across all evaluation metrics, demonstrating its superior

capability in modeling user preferences for personalized news recommendation.

Traditional feature-based methods (Rows 1-2), such as LibFM and DeepFM, show

relatively weak performance. These models rely heavily on shallow ID features and

handcrafted interactions, failing to capture rich contextual semantics and the behav-

ioral patterns underlying user clicks. In contrast, sequential user modeling approaches

(Rows 3-6), including DKN, LSTUR, and NRMS, improve performance by leveraging

the temporal order of user behaviors to extract high-level semantic features. How-

ever, they typically model user interests as a single evolving vector, which limits their

ability to capture diverse and disentangled user preferences, especially when user

behaviors are driven by multiple concurrent interests.
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Table 5.1: Performance comparison across various methods (percentages shown with-

out the % sign).

Methods
MIND-small MIND-large

AUC MRR nDCG@5 nDCG@10 AUC MRR nDCG@5 nDCG@10

LibFM 59.66 26.03 27.90 34.31 60.97 28.16 30.02 36.17

DeepFM 60.42 26.91 29.26 35.89 61.41 28.29 31.21 36.65

DKN 62.75 28.94 31.46 38.02 64.51 30.02 33.04 39.47

NPA 64.51 30.02 33.05 39.46 66.24 31.94 34.52 40.59

LSTUR 65.77 30.85 34.07 40.51 67.01 32.17 35.34 40.78

NRMS 66.20 31.12 34.65 41.17 67.53 31.94 35.45 41.85

NNR 66.96 31.50 35.01 41.41 67.89 32.36 35.93 42.24

GLORY 67.63 32.35 35.74 42.06 68.96 33.80 37.27 43.61

GLoCIMT 68.09 32.91 36.47 42.49 69.38 34.31 37.68 43.95

MIRec 66.34 29.92 33.95 40.46 68.26 33.79 37.72 43.47

IPNR 68.16 32.43 35.98 42.20 69.63 34.42 37.82 44.02

MINER 69.58 33.81 37.61 43.88 71.48 36.15 39.70 45.36

CauTailReS 66.33 31.22 34.62 41.02 67.65 32.08 35.51 41.79

TCCM 69.61 33.65 37.40 43.76 71.63 36.21 39.66 45.29

CBPI 69.73 33.86 37.84 43.97 71.87 36.48 40.10 45.83

HCR 71.50 34.91 39.08 45.05 73.52 37.51 42.13 46.87

Graph-based structural models (Rows 7-9), achieve further improvements by mod-

eling high-order dependencies among users and news articles through graph neural

networks. These methods demonstrate the effectiveness of incorporating global struc-

tural signals beyond local interaction histories. For instance, GLoCIMT performs

notably well on MIND-large, emphasizing the value of long-chain structural model-

ing. However, these approaches primarily capture statistical correlations within the

graph and lack mechanisms to infer the underlying causal relationships that drive

user behavior.

Multi-interest modeling approaches (Rows 10-12) aim to represent users with mul-
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tiple latent interest vectors, leading to significant gains in accuracy. For example,

IPNR incorporates external commonsense knowledge from ConceptNet to infer users’

reading intents, while MINER applies category supervision to disentangle news rep-

resentations into multiple interest-aligned vectors. These methods underscore the im-

portance of modeling diverse latent user interests as key drivers of behavior. However,

they generally rely on external annotations or heuristic signals, and their modeling

remains rooted in statistical correlation, without uncovering the causal mechanisms

that govern how interests influence user decisions.

Causal-aware modeling approaches (Row 13-15) incorporate causal reasoning to im-

prove recommendation robustness. CauTailReS mitigates popularity bias via a prede-

fined user-side causal graph and path-level intervention using do-calculus. It heuristi-

cally treats the latest click as short-term interest, without modeling deeper intents or

behavioral dependencies. Originally designed for session-based tasks, its assumptions

misalign with the complexity of news reading patterns, leading to suboptimal results

among causal-aware methods. TCCM mitigates popularity bias by modeling a fixed

causal graph over news content, timeliness, and popularity, and applying causal in-

tervention at inference time. While effective in debiasing, it focuses on content-level

factors and does not model user intent or behavioral causality, limiting its ability

to capture complex user decision patterns. CBPI takes a step further by introduc-

ing a causality-aware framework that models dependencies among latent interests,

achieving strong empirical results. Nonetheless, it assumes that such interest-level

causality is sufficient, without explicitly modeling intra-behavior causality, i.e., how

past behaviors causally influence future ones, limiting its capacity to fully capture the

dynamics of user decision-making. It is also worth noting that, due to differences in

experimental settings, the performance of CBPI reported here may differ from that

in Section 4.5.4.

In comparison, HCR outperforms all baselines across both datasets, achieving the

highest scores in AUC, MRR, and nDCG metrics. For instance, on MIND-large,
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Figure 5.3: Performance in terms of calibration and diversity.

HCR attains 73.52% AUC and 46.87% nDCG@10, surpassing CBPI by +2.30% and

+2.27%, respectively. These improvements highlight the effectiveness of HCR’s hier-

archical causal modeling framework, which unifies user interaction history and latent

preference signals into a structured representation. Unlike prior approaches that rely

on surface-level correlations or require external supervision, HCR discovers causal

dependencies directly from behavioral data, enabling more robust and interpretable

modeling. The consistent performance gains across all evaluation metrics confirm the

advantage of incorporating multi-level causal structure for modeling complex user

behavior patterns for personalized news recommendation.

5.4.4 Interest Diversity

In addition to raising recommendation accuracy, prior studies [117, 115, 43] have em-

phasized the importance of promoting recommendation diversity to alleviate content

redundancy and enhance users’ browsing experiences. Motivated by the observation

that user interests are inherently diverse and often latent, we evaluate whether the

generated recommended lists effectively reflect this diversity. Since explicit inter-

est annotations are unavailable in MIND, we follow common practice and use news
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categories as a proxy for user interests.

For a focused and meaningful comparison, we report interest diversity results for HCR

and the top five baselines based on overall recommendation performance (as reported

in Table 5.1). These methods represent the strongest competitors and provide a

representative benchmark for evaluating diversity.

To quantify interest diversity, we adopt two metrics. First, the calibration score

Cal@S measures the alignment between the distribution of recommended news cat-

egories and the user’s historical category distribution (i.e., we replace the interest

distribution in Equation 5.1 with the category distribution). This metric is grounded

in KL divergence, which allows us to capture the asymmetry between the two distri-

butions and penalize the under-representation of user interests in recommendations.

Its use is consistent with our causal modeling framework, where interest calibration

serves as an essential signal for validating the stability of inferred user preferences.

Second, we use the category diversity Div@S, defined as:

Div@S =

∑S
i=1

∑S
j=i+1 σ(CATE(Di) ̸= CATE(Dj))

S × (S − 1)/2
, (5.18)

where CATE(Di) denotes the category of the i-th news item Di in the recommended

list Su, and σ(·) is the indicator function. This metric calculates the proportion of

news item pairs in the top-S list that belong to different categories, thereby reflecting

intra-list diversity.

To ensure reliable evaluation, we filter out users in MIND-large whose historical brows-

ing records contain fewer than five unique news categories, as such users lack sufficient

signals for assessing personalized interest diversity. We set S = 10 and N = 100, and

report average metric values over all qualified test users in Figure 5.3.

As shown in the results, HCR substantially outperforms all baselines in both Cal@10

and Div@10, despite not relying on any auxiliary category supervision or external

knowledge sources. In contrast, the baseline methods exhibit weaker performance, as
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interest diversity is not explicitly modeled in their training objectives. The superior

performance of HCR highlights the effectiveness of its hierarchical causal modeling

framework, which not only captures the structure of user preferences but also uncovers

the underlying causal relationships between latent interests and user behaviors. By

disentangling multiple user intents and modeling how they give rise to observable

interactions, HCR is able to generate recommendation lists that are both accurate

and well-calibrated to the full spectrum of a user’s interests.

5.4.5 Ablation Study

To investigate the contribution of each fundamental part of the HCR framework,

we undertake a component-wise ablation study on the MIND-large dataset. Specifi-

cally, we construct several degraded variants of HCR by systematically removing or

modifying key modules and compare their performance with the full model.

HCR w/o Interest Discovery (IntDisc) This variant removes the latent interest

discovery module and represents the user solely through the sequence of historical

interaction embeddings. As a result, high-level user intents are not explicitly modeled,

and the interest-to-behavior causal edges are omitted from the causal graph.

HCR w/o Causal Graph Learning (CausGl) We disable the hierarchical causal

graph learning module by removing the DAG regularization term from Equation 5.16.

Message propagation is thus performed based only on the native interest assignment

matrix and historical behaviors, without structural guidance from a learned causal

graph.

HCR w/o DAG Constraints (DAGCons) We retain the hierarchical structure

modeling process but remove the structure-specific regularization terms Lnzd and Lchr
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from Equation 5.12, which are designed to enforce properties of user behavior tailored

for personalized news recommendation.

HCR w/o Causal Propagation (CausProp) We replace the gated message

propagation mechanism with a standard attention-based aggregation over historical

interactions, similar to NRMS [113]. This variant assesses whether causal message

passing provides additional benefits beyond conventional attention aggregation.
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Figure 5.4: Comparison of different degraded variants.

As illustrated in Figure 5.4, the exclusion of any individual component results in a

clear decline in performance, validating the necessity of each module. Among all

variants, removing the hierarchical causal graph learning module yields the most

significant degradation, underscoring the importance of hierarchical causal modeling

in capturing behavioral dependencies. Removing intra-behavior causality modeling

weakens the model’s ability to capture temporal dependencies among user actions,

leaving it to rely solely on statistical correlations, which ultimately leads to less robust
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recommendations.

Eliminating the latent interest discovery module also leads to a substantial decline

in performance, highlighting the need to disentangle multi-interest structures for ac-

curate user modeling. Removing DAG constraints results in a moderate performance

decrease, suggesting that the structural regularization terms—specific to the news rec-

ommendation context—are effective in encouraging meaningful and coherent causal

graphs.

The relatively minor performance degradation observed when replacing gated causal

propagation with attention-based aggregation suggests that the causal graph already

offers substantial guidance in modeling user behaviors. Nonetheless, the gated prop-

agation component remains beneficial, contributing additional refinement to the user

representations.

Overall, the findings highlight that each component of HCR is indispensable to its

performance, and that their integrated design is essential for capturing the hierarchical

causal structure inherent in user preferences.

5.4.6 Graph Construction Variants

To further validate the effectiveness of our proposed hierarchical causal graph learn-

ing module, we conduct module-level ablation by replacing it with several repre-

sentative graph construction methods on the MIND-large dataset. These variants

reflect different paradigms of graph-based modeling for user preferences, including

attention-based mechanisms, causal regularization, and sequential causal discovery

techniques. Specifically, we consider: (1) GAT [88], a graph attention network that

captures statistical correlations based on local attention scores computed from inter-

acted news embeddings; (2) CASTLE [41], a supervised causal discovery method that

enforces acyclicity through a differentiable DAG constraint (similar to Eq. 4.2); and

(3) CAUSER [105], a causal graph learning method tailored for sequential recommen-
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dation, which focuses on discovering causal relations among latent user interests.
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Figure 5.5: Comparison of different graph construction methods.

Experimental results in Figure 5.5 show that replacing our hierarchical causal graph

learning module with these alternatives leads to consistent performance degradation.

GAT performs the worst due to its reliance on shallow semantic similarity without

causal guidance, making it prone to spurious correlations. Although CASTLE and

CAUSER incorporate causal modeling and achieve relatively better performance, they

are constrained by their flat graph structures that operate on a single level of variables,

such as user behaviors or latent interests. Consequently, they are unable to capture

the cross-level causal effects between high-level user interests and low-level browsing

actions.

These findings underscore a key advantage of our approach: the ability to model

causal dependencies across multiple semantic levels. Unlike the baselines, which

construct graphs over a homogeneous set of nodes, our method enables hierarchi-

cal structure modeling by explicitly separating latent user interests from observable
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behavioral signals and allowing structured causal propagation between them. This

hierarchical design is particularly well-suited to the news recommendation scenario,

where user interests are inherently diverse, dynamic, and often sparsely reflected in

short-term behaviors.

5.4.7 Hyperparameter Analysis

We investigate the influence of two critical hyperparameters in the HCR framework:

the latent interest number K and the threshold τ applied to filter edges in the learned

causal graph.

As depicted in Figure 5.6, the model attains optimal performance when K = 8.

Setting K too low may fail to uncover the diversity of user interests, whereas an

excessively large K leads to a fragmented interest space and introduces redundant

parameters, making it difficult to form semantically coherent groups. Notably, the

performance begins to degrade sharply when K exceeds 12, underscoring the impor-

tance of choosing an appropriate granularity for user interest modeling. When too

many latent interests are introduced (e.g., K = 20), the performance falls even below

that of the variant without latent interest discovery. This suggests that excessive in-

terest splitting results in fragmented and noisy representations, which hinder effective

information aggregation and may introduce misleading signals during propagation.

Regarding the filtering threshold τ , from Figure 5.7 we observe that the performance

peaks around τ = 0.4. A low threshold tends to preserve weak or noisy causal edges,

potentially introducing irrelevant information or spurious correlations into the prop-

agation process. Conversely, a higher threshold can over-prune the graph, removing

meaningful semantic connections between news items. Interestingly, the model’s per-

formance remains relatively stable within a moderate range of τ , indicating that the

essential causal structure among user behaviors is robustly captured before the fil-

tering stage. This highlights the effectiveness of our causal discovery mechanism in
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extracting informative and reliable dependencies.
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Figure 5.6: The interest number K.
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Figure 5.7: The filtering threshold τ .

5.4.8 Case Study

To provide deeper insights into HCR’s effectiveness, we conduct a case study based on

a sampled user’s historical interaction session. As shown in Figure 5.8, we present a hi-

erarchical causal graph inferred from the user’s browsing behaviors. In the graph, solid

arrows represent intra-behavior causal dependencies (computed via Equation 5.9),

while dashed arrows indicate the latent interest most likely responsible for each in-

teraction. The associated interest is identified by selecting the dimension in matrix

AZ with the highest causal effect for the corresponding news item.
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ID Category History Browsed News

1 TV Felicity Huffman begins prison sentence for college admissions scam

2 Finance Tiffany's is selling a holiday advent calendar for $112,000

3 TV 'Wheel Of Fortune' Guest Delivers Hilarious, Off The Rails Introduction

4 Autos This restored 1968 Winnebago is beyond adorable

5 TV Lori Loughlin Is 'Absolutely Terrified' After Being Hit With New Charge

6 Movies Bruce Willis brought Demi Moore to tears after reading her book

7 Entertainment Celebrity kids then and now: See how they've grown

8 News Felicity Huffman Smiles as She Begins Community Service Following Prison Release

9 News Alexandria Ocasio-Cortez apologizes for blocking ex-Brooklyn politician on Twitter

10 Health The Rock's Gnarly Palm Is a Testament to Life Without Lifting Gloves

11 TV Donald Trump Jr. reflects on explosive 'View' chat

 Recommended by HCR

  Epic 'Jeopardy!' rematch gets off to a hot start Vedio

  Marie Yovanovitch testifies in impeachment hearing before House panel News

  THEN AND NOW: What all your favorite '90s stars are doing today Entertainment

  Recommended by MINER Category

  Kardashians Face Backlash Over 'Insensitive' Food Fight in KUWTK Clip TV

  Pete Davidson, Kaia Gerber Are Dating TV

  THEN AND NOW: What all your favorite '90s stars are doing today Entertainment

  Recommended by CBPI Category

  Meghan Markle and Hillary Clinton Secretly Spent the Afternoon Together Lifestyle

  Marie Yovanovitch testifies in impeachment hearing before House panel News

  Pete Davidson, Kaia Gerber Are Dating TV
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Figure 5.8: Case study of HCR’s causal-inspired structure modeling and recommen-

dation outcomes. The top-left part shows the historical browsed news of a sample

user, and the top-right displays the corresponding hierarchical causal graph inferred

by HCR, in which each colored cluster represents a latent interest. The bottom sec-

tion compares the top-3 recommendations generated by HCR, CBPI, and MINER,

respectively. Ground-truth browsed news is highlighted in blue.

In the lower part of the figure, we compare the top-3 recommendations generated

by HCR, CBPI, and MINER, alongside the user’s actual clicks (highlighted in blue).

We can observe that MINER tends to rely on surface-level content similarity, leading

to recommended items from overlapping categories (e.g., TV), which fail to reflect

the user’s deeper interests. CBPI, while capable of identifying related latent inter-

ests, lacks the ability to model intra-behavior causality, resulting in recommendations

that are thematically relevant but misaligned with the user’s actual browsing trajec-

tory. In contrast, HCR successfully recovers two of the ground-truth browsed items,

i.e., an entertainment article and a political news article, by modeling the user’s di-
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verse latent interests and causal dependencies among past behaviors. For instance, a

multi-hop logical interaction path such as 1 → 5 → 6 → 10 → 3 reflects a gradual

behavioral transition from legal drama to emotional retrospection and finally to light-

hearted entertainment, enabling HCR to accurately infer the user’s final preference

for entertainment content (e.g., Jeopardy-related news).

5.5 Summary

In this study, we introduced a hierarchical causal modeling framework for personalized

news recommendation, which jointly captures the generative influence of latent user

interests and structural dependencies in historical behaviors. By disentangling user

interests and discovering causal relationships through a differentiable framework, our

method offers interpretable and robust user representations. Experimental results on

real-world datasets confirm that our approach substantially improves recommendation

performance across accuracy and diversity.

Looking forward, this work presents several limitations that warrant further investiga-

tion, along with potential directions for improvement. A central challenge lies in data

sparsity: for users with limited interaction histories, particularly in cold-start scenar-

ios, it becomes difficult to infer reliable user-specific causal structures. In such cases,

the model may degenerate into capturing mere correlations rather than meaningful

causal dependencies. To address this issue, a promising approach is to construct a

global, cross-user causal graph that can serve as a structural prior, thereby facilitating

more robust and data-efficient inference under sparse conditions.

Beyond addressing sparsity, there are several avenues for extending the proposed

framework. First, incorporating multi-modal news features (e.g., images, videos, and

metadata) may enrich content representations and improve recommendation quality.

Second, fine-grained modeling of temporal dynamics at the user level could better

94



5.5. Summary

capture evolving interests and behavioral shifts. Third, integrating counterfactual

reasoning may allow the system to simulate user interaction under hypothetical sce-

narios, further enhancing robustness and interpretability in dynamic environments.
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Conclusion and Future Work

6.1 Conclusion

In this thesis, we focus on advancing causal representation learning for sequential

user behaviors, with an emphasis on bridging the gap between generic sequential

recommendation and the specific requirements of news recommendation. We identify

several key challenges in existing methods, particularly their reliance on statistical

associations, lack of robustness to hidden biases, and limited capacity to capture the

hierarchical causal mechanisms underlying user decision-making.

To address these issues, we propose three novel approaches. First, we propose a

causality-driven sequential user modeling framework, which constructs causal graphs

to identify and reduce the influence of unobserved confounders in user interaction his-

tories. Second, we develop the Causal Behavior Pattern Inference (CBPI) framework,

which learns personalized causal structures directly from user behavior data, enabling

flexible adaptation to the evolving nature of user interests and rapidly changing con-

tent, as seen in news recommendation scenarios. Third, we present a hierarchical

causal modeling framework that simultaneously models the generative influence of

latent user interests and the structural dependencies among observed behaviors, re-
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sulting in more interpretable and robust recommendations.

We believe our work takes a significant step toward building recommendation systems

that are not only accurate and robust, but also transparent and aligned more closely

with the true causal processes underlying user decisions. By systematically address-

ing the fundamental challenges in causal representation learning for sequential user

behaviors, this thesis lays a foundation for the next generation of explainable and

adaptive personalized recommendation systems.

6.2 Future Work

This thesis has systematically addressed several key challenges in causal represen-

tation learning for sequential user behaviors. However, achieving truly human-like

causal reasoning in user decision-making remains an ambitious goal. Looking for-

ward, several research directions can further deepen and expand the impact of causal

representation learning across sequential recommendation scenarios.

First, integrating multi-modal news content, such as images, videos, and audio, into

causal representation frameworks is a promising avenue. Multi-modal signals can

provide a richer context for both user behaviors and item attributes, enabling more

comprehensive modeling of the causal factors that drive user decisions in dynamic

environments.

Second, capturing user-level temporal dynamics with greater granularity remains an

important challenge. While current models often assume fixed temporal scales, user

interests and the causal patterns that shape them can evolve rapidly or over ex-

tended periods. Developing adaptive and temporally-aware causal representation

learning methods will be crucial for better understanding and predicting sequential

user behaviors in real-world applications.

Third, the incorporation of counterfactual reasoning is a compelling future direction.
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By simulating user behavior under hypothetical interventions, such as exposure to

new content or changes in recommendation strategies, counterfactual approaches can

more effectively disentangle causal effects from spurious correlations, leading to fairer,

more robust, and more actionable user representations.

Finally, the rapid advancement of large language models (LLMs) opens up exciting

opportunities for causal representation learning in sequential settings. LLMs’ power-

ful language understanding and generation capabilities can be leveraged to enhance

both user intent modeling and content enrichment. Future research could explore

how LLMs can be integrated with causal frameworks to jointly reason about user

interests, behavior sequences, and content semantics, ultimately leading to recom-

mendation systems that are not only accurate and robust, but also interpretable and

user-centric.

Overall, these directions reinforce the central theme of this thesis: advancing causal

representation learning for sequential user behavior, from generic frameworks to spe-

cialized applications like news recommendation, in pursuit of more intelligent, trans-

parent, and adaptive recommender systems.
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